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Abstract

Parallel corpora, as the foundation of machine translation, re-
main crucial even in the era of large language models (LLMs)
for pre-training and fine-tuning. However, annotating paral-
lel corpora is extremely costly, as it requires annotators to
be proficient in multiple languages. To reduce this cost, prior
work has explored image-pivoted corpus synthesis, gener-
ating multilingual captions for the same image as pseudo-
parallel data. Unfortunately, these pseudo corpora suffer from
the serious issue of multilingual focus divergence, i.e., the
model attending to distinct aspects of the image when gener-
ating captions in different languages. To address this problem,
we propose a method called PRISMS (Parallel Refracting
ImageS into Multilingual descriptions with Structured visual
guidance), which leverages semantic graphs as structured vi-
sual guidance to unify the focus of multilingual captions. To
ensure adherence to this guidance, we introduce two key tech-
niques: supervised fine-tuning using self-generated instruc-
tional data, and reinforcement learning with a reward signal
based on semantic graph consistency. Experimental results on
five languages show that our PRISMS significantly improves
the image-pivot parallel corpora synthesis, enabling LLMs to
achieve translation performance comparable to that of models
trained on manually annotated corpora.

Introduction
Parallel corpora have long been fundamental to machine
translation, underpinning both statistical approaches (Brown
et al. 1990, 1993; Och and Ney 2002; Koehn, Och, and
Marcu 2003; Lopez 2008), and neural approaches (Vaswani
et al. 2017; Castilho et al. 2017; Stahlberg 2020; Kocmi
et al. 2022). While LLMs have demonstrated impressive
translation performance, they still rely heavily on paral-
lel data—particularly in low-resource settings, where fine-
tuning or even pre-training is essential for achieving com-
petitive results (Garcia et al. 2023; Kocmi et al. 2024; Xu
et al. 2024; Fu et al. 2024; Luo et al. 2025; Li et al. 2024).

The acquisition of high-quality parallel corpora remains
heavily dependent on manual annotation, which poses a sig-
nificant challenge for low-resource languages due to the
scarcity of qualified annotators and the high cost of bilin-
gual labor. In contrast, generating image descriptions re-
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Figure 1: Visual information can act as a bridge to connect
different languages. When generating descriptions in differ-
ent languages using Multimodal Large Language Models,
different models tend to focus on different parts of an im-
age, leading to varying descriptions. In this figure, different
colors for each language correspond to elements in the im-
age framed with the matching colored boxes.

quires only monolingual proficiency, making it a more scal-
able and accessible alternative. Motivated by this, prior work
has explored image-pivoted corpus synthesis, where multi-
lingual captions are independently generated for the same
image using captioning models, and then used as pseudo-
parallel data (Su et al. 2019; Huang et al. 2020; Yang, Fang,
and Feng 2022; Fu et al. 2023).

However, this approach suffers from a fundamental lim-
itation: multilingual focus discrepancy, where descrip-
tions in different languages tend to focus on distinct as-
pects or regions of the same image, as illustrated in Fig-
ure 1. This inconsistency weakens the alignment between
sentences and limits the effectiveness of such pseudo data
for direct translation training. To mitigate this, Huang et al.
(2020) proposed combining image-pivoted synthesis with it-
erative multimodal back-translation, and further introduced
a visual-semantic embedding (VSE) loss to encourage latent
alignment between language pairs.

Different from previous work, we aim to tackle the
challenge of multilingual focus discrepancy, enabling bet-
ter alignment between synthetic parallel sentences. To this
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end, we propose PRISMS (Parallel Refracting ImageS into
Multilingual descriptions with Structured visual guidance),
which incorporates structured visual guidance (SVG) to
unify the focus when generating captions across different
languages. Specifically, given an image, PRISMS first ex-
tracts Visual Scene Graphs (VSGs) in a source language
(e.g., English) and converts them into textual triplets. These
triplets are then incorporated into the instruction prompt,
guiding Multimodal Large Language Models (MLLMs) to
generate source-language image descriptions grounded in
the specified semantic content. Next, PRISMS generates a
target-language caption by first translating the VSGs into
the target language using unsupervised bilingual word map-
pings, and then prompting the MLLM to produce a target-
language caption based on the translated triplets. Never-
theless, we observe that MLLMs often struggle to adhere
to such structured guidance, frequently generating halluci-
nated content beyond the provided semantic information. To
improve grounding fidelity, we explore two strategies: (1)
supervised fine-tuning (SFT) with self-constructed instruc-
tional data, pairing high-quality captions with their Lan-
guage Semantic Graphs (LSG), treated as VSG, to form (im-
age, VSG, caption) triplets for training; and (2) reinforce-
ment learning (RL) with a semantic graph consistency re-
ward, where the model is optimized via Direct Preference
Optimization (DPO) to favor captions that better align with
the input VSG.

The resulting pseudo-parallel descriptions are applied to
tasks such as fine-tuning LLMs for translation and unsu-
pervised machine translation. In experiments involving the
fine-tuning of LLMs, using these pseudo-parallel corpora to
fine-tune models like LLaMA3 demonstrates performance
levels comparable to those achieved with high-quality paral-
lel corpora. In the context of unsupervised machine transla-
tion, our method achieves state-of-the-art results in image-
augmented unsupervised machine translation, highlighting
the effectiveness of our approach in leveraging image data
to enhance translation performance.

Method
In this section, we provide a comprehensive overview of
the method. First, we introduce the framework for generat-
ing image descriptions, followed by an explanation of how
Pseudo-data Supervised Fine-tuning (PFT) and Iterative Di-
rect Preference Optimization (Iter-DPO) are employed to
optimize these descriptions and how cross-linguistic align-
ment of descriptions is effectively controlled. The overall
framework is illustrated in Figure 2.

Image Caption Generation Framework with
Structured Visual Guidance
The image description generation framework employed in
our method is built upon an MLLM with monolingual sup-
port. As depicted in Figure 2, for a given image i in the im-
age dataset I = {ik}Kk=1, which contains K images, we first
utilize an existing visual scene graph extraction tool to gen-
erate a scene graph vsg ∈ {vsgk}Kk=1. The scene graph vsg
is subsequently compressed into triples Tvsg , which include

structures such as [entity]-[relation]-[entity] and [entity]-
[optional attribute key]-[attribute value]. All triples Tvsg ex-
tracted from the image are concatenated together, followed
by the addition of an instruction, which is then fed into the
MLLM as SVG. The MLLM are required to generate an im-
age description based on these triples. The instruction typi-
cally requires the description to strictly adhere to the infor-
mation found in the triples and the image, without adding ex-
traneous information or omitting any details from the triples.
The description is expected to cover all the information con-
tained in the triples in a precise and comprehensive way.

Enhancement of Structured Visual Guidance
Adherence

Pseudo-data Supervised Fine-tuning. Commonly used
large models (especially those with smaller parameter sizes)
face challenges in generating standard-compliant descrip-
tions based on given triplet information. These models often
produce verbose or irrelevant content. To further enhance the
ability of large models in this regard, additional optimization
is necessary. The most straightforward approach would be
to fine-tune the large models using VSGs, images, and an-
notated descriptions. However, due to the lack of annotated
data, we propose a method to construct pseudo-data for fine-
tuning. We utilize the image caption dataset to construct this
pseudo-data. Specifically, for each image-caption pair, we
extract the Language Semantic Graph (LSG) from the cap-
tion and treat it as a pseudo-VSG. This pseudo-VSG, along
with the corresponding image, is input into the MLLMs,
with the original caption designated as the ground truth. This
approach helps to enhance the models’ ability to generate
coherent and accurate descriptions.

Iterative Direct Preference Optimization. The descrip-
tions generated by the MLLM can be converted into LSGs.
Therefore, to ensure that the generated descriptions align
more closely with the SVG, it suffices to maximize the sim-
ilarity between the VSG and the LSG.

Based on this principle, we designed a reward model. This
reward model is tasked with ensuring semantic alignment
between the two graphs while guaranteeing that no informa-
tion is omitted or introduced. For a V SG and an LSG, each
is composed of two types of multiple triples Tvsg and Tlsg:

Tvsg = {T ere
vsgm}Mm=1 ∪ {T ekv

vsgn}
N
n=1, (1)

Tlsg = {T ere
lsgp}

P
p=1 ∪ {T ekv

lsgq}
Q
q=1. (2)

We assume that a VSG consists of N relation-type
triples (ERE: [entity]-[relation]-[entity]) and M attribute-
type triples (EKV: [entity]-[attribute key]-[attribute value]),
while an LSG consists of P relation-type triples and Q
attribute-type triples.

To calculate the semantic similarity between the two
graphs, we first identify, for each triple in Tvsg , the triple of
the same type with the most semantical related triple in Tlsg .
Then, we sum up the similarity scores between the matched
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English 
Multi-modal Large Language Model

Entity[Dog]-Relation[play]
-Entity[Tennis ball]

Entity[Dog]-Value[White]

Please give a
description of this
image combining

with the given triplet
information.

A brown dog playing a tennis ball.

Image 

Chinese
 Multi-modal Large Language Model

请结合三元组信息给出
这张图片的描述.

一只棕色的狗在草坪上玩网球。

Entity[狗]-Relation[玩]
-Entity[网球]

Entity[狗]-Value[白色]

﻿V SG English InstructionChinese Instruction V SGT ​vsg T ​vsg

X ​T X ​V X ​IX ​I X ​V X ​T

Chinese Chinese English English

Chinese Description English Description

Iterative Direct
Preference

Optimization

Pseudo-data
Supervised
 Fine-tuning

Enhancement
of Structured Visual
Guidance Adherence

...... ......

狗 玩

白色 棕色

网球 Dog play

white brown

Tennis
ball

Figure 2: The figure illustrates the process of generating parallel descriptions in both Chinese and English from a given picture.
By constructing a VSG, we identify the critical areas of the image that require attention. SFT and RL are employed to enhance
the ability of the MLLMs to generate image descriptions that accurately encapsulate the information contained in the triplets.
Furthermore, cross-linguistic vocabulary substitution is utilized to ensure consistency in the focus on image details across
different languages.

triples to represent the semantic relevance:

Scoresem =

M∑
m=1

P
max
p=1

(
Sim(T ere

vsgm , T ere
lsgp)

)
+

N∑
n=1

Q
max
q=1

(
Sim(T ekv

vsgn , T
ekv
lsgq )

)
.

(3)

The similarity between triples of the same type is deter-
mined using a designated similarity function, Sim(). To
achieve this, we utilize an off-the-shelf sentence-level text
similarity computation method1, ensuring efficiency and se-
mantic precision. Semantic relevance alone is insufficient,
as the Scoresem may still be relatively high even when the
VSG and LSG are in a subgraph relationship. Specifically,
M should equal P , and N should equal Q. The length con-
straint is defined as follows:

Penaltylength = 1− min(M,P )

2 ·max(M,P )
− min(N,Q)

2 ·max(N,Q)
. (4)

If the number of two types of triples in the two graphs is
completely consistent(M = P and N = Q), the penalty
term is 0. Thus, the final reward score is calculated as a
combination of semantic relevance Scoresem and the penalty
term Penaltylength:

r(V SG,LSG) = (1− Penaltylength) · Scoresem. (5)

We employ Iterative Direct Preference Optimization (Iter-
DPO) for optimization, which involves the iterative execu-
tion of two core steps: (1) generating synthetic preferences

1https://github.com/UKPLab/sentence-transformers

using the given reward model, and (2) fine-tuning the lan-
guage model based on these synthetic preferences.

Step 1: In each iteration j ∈ {1, 2, 3...}, the instruction x
is input into the current MLLM checkpoint πj(y|x) to gen-
erate multiple candidate descriptions y. The reward model
then evaluates these descriptions by assigning reward scores
to each. Subsequently, the caption samples with the highest
and lowest reward scores, denoted as yw and yl respectively,
are selected to construct the synthetic preference dataset:

Dj = {(x, yw, yl)}. (6)

Step 2: Subsequently, we utilize the generated preference
dataset alongside the Direct Preference Optimization (DPO)
method to fine-tune the large model. The loss function is de-
fined as:

LDPO = −E(x,yw,yl)∼D[logσ(βlog
πθj (yw|x)
πθj−1

(yw|x)
)−

βlog
πθj (yl|x)
πθj−1

(yl|x)
)].

(7)

Avoiding Multilingual Focus Discrepancy
Structural Consistency of VSGs across Different Lan-
guages. The VSGs generated by visual models across dif-
ferent languages are often structurally inconsistent. To en-
sure the consistency among VSGs in different languages, we
first utilize a single English scene graph generation tool to
produce an English VSG and for VSGs in other languages,
then perform word substitution using a bilingual lexicon ob-
tained through unsupervised word alignment methods2. This
approach guarantees complete consistency in graph struc-
ture. The unsupervised lexicon is trained without relying on

2https://github.com/facebookresearch/MUSE
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Testset Flores200 Newstest2013 Newstest2012 Newstest2011 Average

Metric COMET BLEU COMET BLEU COMET BLEU COMET BLEU COMET BLEU

EN-FR

Zero-shot 81.85 31.19 79.51 23.64 78.25 22.41 78.64 23.96 79.56 25.30
FT-GT 85.12 39.14 82.43 29.31 81.09 27.88 81.32 29.91 82.49 31.56
FT-PRISMS 84.45 37.06 81.89 28.35 80.48 26.86 80.86 28.83 81.92 30.28
∆ 0.67/2.60 2.08/5.87 0.54/2.38 0.96/4.71 0.61/2.23 1.02/4.45 0.46/2.22 1.08/4.87 0.57/2.36 1.28/4.98

EN-DE

Zero-shot 78.35 20.14 77.10 15.96 74.33 13.14 73.62 13.15 75.85 15.60
FT-GT 84.17 27.58 82.04 21.69 79.96 18.27 79.60 18.24 81.44 21.45
FT-PRISMS 82.50 25.42 81.12 20.72 78.85 17.64 78.49 17.84 80.24 20.41
∆ 1.67/4.15 2.16/5.28 0.92/4.02 0.97/4.76 1.11/4.52 0.63/4.50 1.11/4.87 0.40/4.69 1.20/4.39 1.04/4.81

FR-EN

Zero-shot 87.82 37.39 84.42 30.36 82.49 29.42 82.34 29.77 84.27 31.74
FT-GT 88.35 41.32 84.75 32.35 82.90 31.41 82.64 31.05 84.66 34.03
FT-PRISMS 88.28 41.41 84.45 32.09 82.60 30.80 82.37 30.78 84.43 33.77
∆ 0.07/0.46 -0.09/4.02 0.30/0.03 0.26/1.73 0.30/0.11 0.61/1.38 0.27/0.03 0.27/1.01 0.23/0.16 0.26/2.03

DE-EN

Zero-shot 87.61 36.02 84.05 27.26 82.28 25.56 81.68 23.86 83.91 28.18
FT-GT 88.19 39.39 84.63 29.60 83.01 27.13 82.06 24.85 84.47 30.24
FT-PRISMS 87.79 38.36 84.15 29.25 82.62 26.47 81.69 24.60 84.06 29.67
∆ 0.40/0.18 1.03/2.34 0.48/0.10 0.35/1.99 0.39/0.34 0.66/0.91 0.37/0.01 0.25/0.74 0.41/0.16 0.57/1.50

Table 1: Results on LLaMa 3 under zero-shot conditions, as well as after fine-tuning with authentic parallel corpora and our
generated pseudo-corpora. In the delta row, the first value represents the negative difference between our method and the
performance achieved using real parallel corpora. The second value represents the improvement of our method compared to the
Zero-shot approach.

parallel corpora, and its performance often matches or even
surpasses that of supervised lexicons. During word substitu-
tion, polysemy frequently arises. To address this, we employ
image information to assist in disambiguation, leveraging
MLLMs in the target language. Specifically, we concatenate
multiple candidate words for the target language and issue
an instruction such as: “Please select the most suitable word
for this image from the list of candidates” (translated into
the target language for practical application; English is used
here for clarity).

Post-processing. Descriptions generated by different
MLLMs based on structurally consistent VSGs can gen-
erally be regarded as parallel corpora. However, cases
of omission or addition of triplet information may still
occur. Therefore, a post-processing module is required after
generating the descriptions. During post-processing, we
convert the descriptions in both languages into triplets and
then compare the number of triplets in two categories (ERE
and EKV). For descriptions with inconsistent triplet counts,
we exclude them from further processing.

Experiments
In this section, we present the datasets utilized, the experi-
mental training settings for generating parallel corpora, the
details of the validation experiments, and the corresponding
experimental results.

Settings
Datasets. The training dataset we employed is the
Multi30k dataset, which comprises a total of 29,000 images
sourced from the Flickr30k dataset. Of these, 14,500 images
are utilized to enhance the capability of the MLLMs to gen-
erate descriptions that accurately encapsulate the informa-
tion contained in the triplets. The remaining 14,500 images
are employed to generate synthetic parallel corpora for vali-
dation experiments.

LLMs. The primary MLLMs used for generating image
descriptions include the Qwen-VL3 model and the LLava1.6
model4. Specifically, Qwen-VL is utilized to generate En-
glish and Chinese descriptions, while LLava1.6 is used for
German and French descriptions. The required LLMs only
need multimodal capabilities in a single language. Although
we selected a few models that support multiple languages
(due to the scarcity of purely monolingual models for these
languages), during the description generation process, we
only leveraged their monolingual capabilities.

Metric. We employed BLEU(Papineni et al. 2002) and
COMET(Rei et al. 2020) metrics to evaluate the effective-
ness of our translation experiments.

3https://github.com/QwenLM/Qwen-VL
4https://github.com/haotian-liu/LLaVA
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Testset Flores200 Newstest2012
Metric COMET BLEU COMET BLEU
FT-ORI 74.09 22.97 71.80 17.21
FT-SVG 35.71 2.34 37.64 3.11
FT-SVG-QE 70.88 24.24 69.59 19.76
FT-PRISMS 84.45 37.06 80.48 26.86

Table 2: The EN-FR results on Flores200 and Newstest2012
compared to original generated descriptions and selected de-
scriptions.

VSG and LSG Extractors. For the generation of VSG,
we adopted existing methods (Tang et al. 2019; Tang 2020;
Tang et al. 2020)5. It is important to emphasize that we do
not prioritize the complete identification of entity relations
and attributes during VSG generation. The obtained VSG
typically lacks attributes such as color information; there-
fore, we randomly incorporated such attributes using image
caption data to enhance its richness. Our primary concern is
ensuring that the information emphasized in both languages
is consistent. It is entirely acceptable if both languages focus
on only a subset of the information present in the image. As
for the generation of LSG, we utilized the SNG-GRAPH6,
which performs well in English. For other languages, we
leveraged LLMs through few-shot learning or simple fine-
tuning to achieve satisfactory results.

Main Results
Compared to Real Parallel Corpus. We first fine-tuned
the LLM using the generated pseudo-parallel corpus (noted
“FT-PRISMS”) and then evaluated its performance on sev-
eral translation test sets. The following methods were used
for comparison:

• Zero-shot performance: Directly prompting the large lan-
guage model to perform translation without any fine-
tuning.

• Fine-tuning with human-annotated parallel corpora noted
“FT-GT”: Using manually labeled data for fine-tuning,
followed by testing the translation performance.

The LLM we selected is LLaMA37, and the language pairs
evaluated are English-French and English-German. The test
sets used for evaluation are WMT newstest and Flores200.

The results of fine-tuning LLaMA3-8B with the gener-
ated parallel corpus for English-French and English-German
translations are shown in Table 1. The results of our method
presented in the table are based on fine-tuning with pseudo-
data. Results derived from Iter-DPO are comparable with
those obtained through PFT, and the relevant discussion is
provided in the analysis experiments section. We observed
that fine-tuning with both real and synthetic parallel corpora
leads to substantial improvements over directly using the

5https://github.com/KaihuaTang/Scene-Graph-
Benchmark.pytorch

6https://github.com/vacancy/SceneGraphParser/tree/master
7https://github.com/meta-llama/llama3

Testset F2016 F2017 C2017 F2018
UNMT 32.55 - - -
PVP 40.95 - - -
XLM 42.61 37.43 32.17 34.40
UNMT-CS 43.95 37.79 32.84 35.06
UNMT-WVR 44.14 38.57 33.42 35.89
UNMT-PRISMS 45.62 41.58 35.07 37.02
∆ 1.48 3.01 1.65 1.13

Table 3: EN-FR, FR-EN, DE-EN and EN-DE’s average
BLEU results on unsupervised machine translation task on
Flickr2016, Flickr2017, COCO2017 and Flickr2018 test set.

base model. The improvement of our method over the base
model is still significant, with English-to-French translation
on the Flores200 test set achieving an increase of over 5
BLEU points, and an average improvement of over 2 BLEU
points and 1.5 COMET points across all tested languages.
This demonstrates that the quality of the parallel corpus pro-
duced by our method is comparable to that of real data and
that it effectively supports the fine-tuning of large models
for machine translation.

When comparing our method to the approach using real
parallel corpora, we found that our method generally per-
forms slightly lower. However, the performance is still quite
close, and in some language directions (e.g., French-to-
English translation on the Flores200 test set), our method
even slightly surpasses the method using real parallel cor-
pora. This indicates that the quality of the parallel corpus
generated by our method is acceptable. Additionally, con-
sidering the high cost of obtaining real parallel corpora, our
method demonstrates a significant advantage in terms of
cost-efficiency since it only requires the mapping between
a single language and images. This further highlights the
low-cost nature of our approach. We also observed that the
improvement of our method in EN-to-X directions is more
pronounced compared to X-to-EN. This might be because
the LLaMA3 model is inherently more proficient in En-
glish than in other languages, resulting in better performance
when generating English. Therefore, while fine-tuning with
parallel corpora improves the model for X-to-EN translation,
the improvement is not as substantial as that for EN-to-X.

Furthermore, We conducted tests on pairs of non-English
language and low-resource language, using the Flores200
dataset as a test set. The results are shown in Figure 3. We
found that the conclusions remain consistent: the pseudo-
parallel corpora we constructed achieve improvements com-
pared to Zero-shot methods and approach the performance
of using real parallel corpora.

Comparison with Original Image-Pivot Parallel Corpus
Synthesis. We compared our method against the original
image-pivot parallel corpus synthesis approach, referred to
as ORI. Additionally, we reported results using a vanilla
MLLM to generate captions based solely on SVGs, without
any SVG adherence enhancement. This variant is referred to
as SVG. Descriptions generated via the SVG-only approach
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Figure 3: The results on Flores200 for non-English language pairs and low-resource language directions.

and subsequently filtered using QE8 are denoted as SVG-
QE. All resulting descriptions are treated as parallel corpora
and used to fine-tune LLaMA3.

EN-FR translation results on the Flores200 and New-
stest2012 datasets are summarized in Table 2. As shown, di-
rectly using MLLMs to generate descriptions is insufficient
for constructing effective parallel corpora. Fine-tuning large
models on such data leads to a substantial drop in translation
quality compared to the zero-shot baseline.

Moreover, directly injecting SVG information into the
prompt leads to a sharp performance drop, as the base mod-
els initially lack the ability to interpret SVG content, result-
ing in low-quality descriptions. However, after additional
PFT or Iter-DPO training, MLLMs acquire the capability
to process SVGs effectively. The resulting captions in dif-
ferent languages focus on the same visual content, allowing
them to serve as valid parallel corpora and produce results
comparable to those achieved with real parallel data.

Analysis
Unsupervised Machine Translation
Our method of using images to generate parallel corpora
can be viewed as a form of unsupervised machine transla-
tion (UNMT). Based on this, we further utilized the pseudo-
parallel corpora to train an unsupervised machine transla-
tion model based on the XLM framework. Specifically, we
first fine-tuned the XLM model using the generated pseudo-
parallel corpora. Then, we applied iterative back-translation
and denoising autoencoder training on the fine-tuned model,
which are standard steps in the UNMT training process.

8https://github.com/Unbabel/COMET

We compared our method with the following existing
UNMT approaches:

• XLM (Conneau and Lample 2019): using a masked lan-
guage model to train a cross-lingual language model for
initialization.

• UMMT (Su et al. 2019): incorporating visual features for
denoising autoencoder and back-translation.

• PVP (Huang et al. 2020): employing multimodal back-
translation and introduces pseudo visual pivoting.

• UNMT-CS (Jones et al. 2023): utilizing a code-
switching method, where words in the source sentence
are replaced with their corresponding translations from
bilingual dictionaries, to address lexical confusion.

• UNMT-WVR (Fu et al. 2023): leveraging word-level im-
ages added as visual matrices during training to enhance
the UNMT process.

We evaluated our method and the above approaches on EN-
FR and EN-DE on the Multi30k test set, which includes
Flickr2016, Flickr2017, COCO2017, and Flickr2018. Aver-
aged results are presented in Table 3 and detailed results can
be found in the Supplementary Materials.

From the results in Table 3, we can observe that our
method achieves impressive results on all test datasets for
both EN-FR and EN-DE directions, outperforming previ-
ous UNMT approaches that leverage images. In some direc-
tions, our method achieves an improvement of over 3 BLEU
points, indicating that the quality of our generated pseudo-
parallel corpora is relatively high and provides a strong ini-
tialization for UNMT systems.
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Language EN-ZH ZH-EN
Metric COMET BLEU COMET BLEU
Zero-shot 69.69 17.69 84.17 21.11
FT-PFT 84.46 41.80 84.51 23.42
FT-IterDPO 84.34 41.71 84.73 23.90

Table 4: Comparison of PFT and Iter-DPO on Flores200.

Pseudo-data Supervised Fine-tuning vs. Iterative
Direct Preference Optimization
In the main experiments, we primarily report the outcomes
of PFT. Here, we further analyze the performance of Iter-
DPO on the 7B model. As presented in Table 4, we observed
that, based on the medium-scale parameter MLLM, Iter-
DPO achieved results comparable to PFT, with some lan-
guages showing improvements while others exhibited only
marginal gains.

This phenomenon might be attributed to the fact that
Iter-DPO generates samples using the model itself, but the
medium-parameter model’s capacity to produce accurate de-
scriptions guided by SVG remains relatively limited. More-
over, it is worth noting that the PFT method relies on image
description datasets for constructing pseudo-data. In scenar-
ios where such datasets are unavailable, Iter-DPO serves as
a viable alternative optimization method.

Language Semantic Graph Generation Based on
Large Language Models
For LSG generation, we used the SNG-GRAPH method
for English, while for other languages, LLMs were guided
via prompt learning to produce LSG. Five manually anno-
tated LSG examples were provided as references for few-
shot learning. To evaluate the LLM’s performance, 100 text
samples from the MULTI30k 2016 test set were manually
annotated for LSG in both English and Chinese, with the lat-
ter derived from Google-translated9 English results. We con-
ducted tests using Qwen-310, and the results are presented in
Figure 4. For the annotated results, we calculated the pre-
cision values, recall values, and F1-scores. During this pro-
cess, we introduced a similarity threshold value. If the simi-
larity between the generated triples and the annotated triples
exceeded this threshold, we considered them as matched,
deeming the model-generated results acceptable. The sim-
ilarity was computed using Sentence-BERT. From the table,
we observed that the LLM’s annotation results closely align
with the annotations for both English and Chinese, indicat-
ing that the LLM performs effectively in generating LSG.

Ablation on Post-processing Module
We also conducted ablation experiments on the post-
processing module. Specifically, we fine-tuned the LLaMA3
model using parallel corpora without post-processing. The

9https://translate.google.com
10https://github.com/QwenLM/Qwen3
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Figure 4: The Precision-Score, Recall-Score, and F1-scores
for both Chinese and English when generating LSGs using
LLMs.

Metric COMET BLEU COMET BLEU
Testset Flores200 Newstest2013
FT-PRISMS 84.45 37.06 81.89 28.35
/w.o. post 83.32 35.01 81.45 27.78

Testset Newstest2012 Newstest2011
FT-PRISMS 80.48 26.86 80.86 28.83
/w.o. post 80.05 26.12 80.19 28.22

Table 5: Fine-tuning the results of LLaMA3 using parallel
corpora obtained after removing the post-processing module
on EN-FR direction.

results on four test sets across two language directions (en-
fr, en-de) are shown in Table 5. We found that in all test sets,
the results without post-processing were consistently lower
than those with post-processing, with a maximum drop of
nearly two BLEU points observed on the Flores test set for
en-fr. This indicates that the post-processing method plays a
significant role in filtering out misaligned parallel corpora.
However, we also observed that, despite the performance
drop, the results without post-processing still outperformed
the Zero-shot results in Table 1. This demonstrates that
our pseudo-parallel corpus generation method, even without
post-processing, achieves reasonably good alignment.

Conclusion and Future Work

In this work, we propose PRISMS, a vision-grounded frame-
work for synthesizing multilingual parallel corpora by lever-
aging structured image semantics. Specifically, we use the
sense graph as the SVG to ensure that descriptions generated
in different languages focus on the same elements in the im-
age, thereby avoiding multilingual focus discrepancy. PFT
and Iter-DPO are then applied to optimize MLLMs, com-
pelling them to produce semantically aligned descriptions
across languages. In the future, we plan to further explore
the integration between the multimodal and multilingual ca-
pabilities of LLMs, including research on the mechanisms
of mutual enhancement between these abilities.
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