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Abstract

Visual information has been introduced for001
enhancing machine translation (MT), and its002
effectiveness heavily relies on the availability003
of large amounts of bilingual parallel sentence004
pairs with manual image annotations. In005
this paper, we propose a stable diffusion-006
based imagination network integrated into a007
multimodal large language model (MLLM) to008
explicitly generate an image for each source009
sentence, thereby advancing multimodal MT.010
Particularly, we build heuristic feedback011
with reinforcement learning to ensure the012
consistency of the generated image with the013
source sentence without the supervision of014
visual information, which breaks the high-015
cost bottleneck of image annotation in MT.016
Furthermore, the proposed method enables017
imaginative visual information to be integrated018
into text-only MT in addition to multimodal019
MT. Experimental results show that our model020
significantly outperforms existing multimodal021
MT and text-only MT, especially achieving an022
average improvement of more than 14 BLEU023
points on Multi30K and MSCOCO multimodal024
MT benchmarks. 1025

1 Introduction026

Large Language Models (LLMs) have recently027

demonstrated exceptional comprehension and028

generation abilities across a wide range of tasks,029

particularly in translation (Tyen et al., 2023; Liang030

et al., 2023; Guerreiro et al., 2023; Ranaldi et al.,031

2023; Zhang et al., 2024a; Chen et al., 2024b,a;032

Chu et al., 2023; Zhu et al., 2023a). LLM-033

based machine translation (LLM-MT) methods034

generally map the source text directly to the035

target text (Hendy et al., 2023; Jiao et al., 2023;036

Le Scao et al., 2023; Iyer et al., 2023; Zeng037

et al., 2023; Zhao et al., 2024), while professional038

human translators enhance understanding and039

1Our code will be publicly available upon acceptance.
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walking or
standing near

a wall,
outside.

Drei Frauen, die an einer
Wand gehen, draußen.

Drei Frauen gehen oder
stehen draußen in der

Nähe einer Wand.
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Target Sentence

Target Sentence

Target Sentence

(a) Based on visual information generated by Stable Diffusion

Zwei Frauen, die an einer
Wand stehen oder gehen,

draußen.

(b) Based on visual information generated by DALL-E 3

(c) Based on visual information generated by IMAGE (Ours)

Figure 1: Illustration of the LLMs translation paradigm
based on visual information. (a): The generated image
does not include information about “three women,” and
(b): The generated image lacks “standing” information.
These issues led to the translation error.

expression by not only relying on text but also 040

imagining visual information (Hubscher-Davidson, 041

2020; Bang, 1986; Long et al., 2021; Elliott and 042

Kádár, 2017). The process of imagining involves 043

creating scenes, relationships between objects, and 044

commonsense details within the translation text. 045

Therefore, generating such visual content is crucial 046

for ensuring high-quality translation, as it helps 047

capture subtle nuances accurately (Yao and Wan, 048

2020; Lin et al., 2020; Sigurdsson et al., 2020; 049

Song et al., 2022). Although multiple previous 050

works in multimodal machine translation have 051

attempted similar approaches (Long et al., 2021; 052

Elliott and Kádár, 2017; Hitschler et al., 2016), 053

they still face limitations such as insufficient model 054

capacity, the requirement for image-text annotated 055

training data, and poor quality of generated images. 056

To address these issues, we propose a framework 057

called IMAGE, which stands for Imagination- 058

Based End-to-End Multimodal LArge LanguaGe 059

ModEl Machine Translation Framework. IMAGE 060

first generates highly consistent visual information 061

(image) from the source text, and then uses both 062

source text and visual information to produce 063

1



better translation results through LLM. Current064

mainstream visual information generation methods065

(such as diffusion models (Du et al., 2023;066

Tang et al., 2023; Liu and Liu, 2024; Liu067

et al., 2024)) often struggle to generate complex068

scenes based on language descriptions, impacting069

translation performance, as shown in Figures 1(a)070

and (b). To ensure that the generated visual071

information accurately represents the source text,072

we heuristically build a supervisory signal based on073

feedback to enhance the consistency of generated074

visual content with the source sentence, further075

improving translation performance, as illustrated076

in Figure 1(c).077

Our framework was evaluated on the standard078

Multimodal Machine Translation (MMT) dataset079

Multi30K and the general Neural Machine080

Translation (NMT) dataset WMT24. Extensive081

experimental results confirm that the IMAGE082

framework based on visual imagination outper-083

forms text-only LLM approaches. Additionally,084

through ablation experiments, we verified the085

necessity of each component in the IMAGE086

framework. Furthermore, analysis experiments and087

case studies reveal a positive correlation between088

the consistency of visual imagination with the text089

and translation performance. In summary, our090

contributions are as follows:091

• We are the first to propose an end-to-end092

multimodal machine translation framework093

leveraging the visual imagination capabilities094

of LLMs.095

• Our framework leverages pre-trained models096

and reinforcement learning (RL) during097

training, breaking the bottleneck of high098

manual annotation costs and eliminating the099

need for annotated image-text data.100

• Our model demonstrates significant per-101

formance improvements on general and102

multimodal translation benchmarks compared103

to traditional multimodal translation methods104

and text-only LLM-MT.105

2 Background106

2.1 Multimodal Large Language Model107

In recent studies (Bai et al., 2023; Chen et al.,108

2025; Liu et al., 2023), the multimodal large109

language models framework consist of three main110

components: a Large Language Model, an image111

encoder, and a projector. The LLM is responsible112

for modeling the joint probability distribution113

pθ(w) of a sequence w = {wt}Tt=1, where 114

T is the sequence length and θ represents the 115

model parameters. The w<t represents all the 116

words preceding the current word. The generation 117

process of each token wt in the LLM is modeled : 118

pθ(w) =
T∏
t=1

pθ (wt | w<t) . (1) 119

The image encoder takes a single image I as 120

input. This image is processed through a vision 121

encoder, such as a CLIP-like encoder Eϕ(·), which 122

generates patch embeddings to obtain the image 123

representation signals. These representations are 124

then encoded by the projector Pζ (e.g., a linear 125

layer), as described by Alayrac et al., 2022, 126

resulting in visual embeddings V = {vℓ}Lℓ=1 of 127

length L. 128

Maximum likelihood estimation (MLE) aims to 129

minimize the model’s loss function to optimize 130

the parameters θ, ϕ, and ζ, thereby aligning the 131

generated sequence as closely as possible with the 132

given data. The loss function is written as: 133

LMLLM(Θ,w, I) := −Et [log pΘ (wt | w<t,V )] , (2) 134

V = Pζ ◦ Eϕ (I) , (3) 135

wherer Θ represents the set of model parameters, 136

which includes all the learned parameters. 137

2.2 Scene graph Representation 138

In MMT, the Scene graph consists of a linguistic 139

semantic graph (LSG) and a visual semantic graph 140

(VSG). LSG represents the semantic structure in 141

text and is denoted as LSG = (NL, EL), while 142

VSG represents the semantic structure in visual 143

information and is denoted as VSG = (NV , EV ). 144

The sets NL and NV represent entity nodes in text 145

sentences and visual images, respectively. These 146

include head entities (hl and hv) and tail entities 147

(tl and tv), where L represents textual information, 148

while V represents visual information (l ∈ L, 149

v ∈ V ). The sets EL and EV represent the 150

relationships connecting the entities in NL and 151

NV , denoted as rl and rv, respectively. 152

2.3 Diffusion Models 153

Diffusion models (DMs) are probabilistic gen- 154

erative models that learn the latent structure 155

of data x = {xt}Tt=1 through continuous-T - 156

timestamps information diffusion. DMs gradually 157

add Gaussian noise to an image x0 until attaining 158
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Multimodal Large Language Model

Source

Stable Diffusion
einen Ball aus dem Wasser.

Target

   : A black dog is retrieving
a ball in water.

: Ein schwarzer Hund holt 

Vision
Encoder MLP

LSG

Figure 2: Overview of our IMAGE framework. The process involves first generating visual information of the
translation input sentence using a diffusion model. Next, the translation result is obtained via LLM, informed by
the generated visual information and translation of the original input sentence.

xT ∼ N (0, I). This noise injection process (the159

forward process) is formalized as Markov chain160

q (x1:T | x0, c) =
∏T

t=1 q (xt | xt−1, c), where x0161

is the sample dataset, c is the corresponding162

context, and x1:T represents the sequence of words163

from the first to the T -th word. The forward164

process is written as:165

q (xt | x0) = N
(
xt;

√
ᾱtx0, (1− ᾱt) I

)
, (4)166

where ᾱt =
∏t

i=1 αi, and xt =
√
ᾱx0 +167 √

1− ᾱtϵt, where ϵt ∼ N (0, I).168

Reversing the forward process can be accom-169

plished by training a neural network µθ(xt, c, t)170

with the following objective:171

LDDPM (θ) = E(x0,c)∼p,t∼U{0,T},xt∼q

[
∥µ̃(x0, t)− µθ(xt, c, t)∥2

]
,

(5)172

Where µ̃ is the posterior mean of the forward173

process, which is a weighted average of x0 and174

xt. Additionally, p represents the distribution175

of the input data, and U{0, T} represents a176

uniform distribution. This objective is justified177

as maximizing a variational lower bound on the178

log-likelihood of the data (Ho et al., 2020).179

3 Proposed Framework: IMAGE180

3.1 Framework Overview181

Our framework, IMAGE, integrates visual signals182

to enhance LLM performance in multilingual183

translation. To maintain entity consistency in184

generated visuals, we apply reinforcement learning185

from feedback. Figure 2 outlines IMAGE, with key186

components detailed in: multimodal translation (§187

3.2), reinforcement learning from feedback (§ 3.3),188

and training process (§ 3.4).189

3.2 End-to-End Multimodal Machine 190

Translation Framework 191

IMAGE is built upon a causal decoder architecture 192

LLM pθ, such as Vicuna (Chiang et al., 2023). 193

IMAGE adopts OpenAI’s CLIP-Large (Radford 194

et al., 2021) as the visual encoder Eϕ(·), followed 195

by a linear layer Pζ for visual embedding 196

projection (Dong et al., 2024). To generate images, 197

we utilize Stable Diffusion (SD) (Rombach et al., 198

2022) as the image decoder, with the condition 199

projector also implemented as a linear layer. 200

3.3 Reinforcement Learning from Feedback 201

The reinforcement learning from feedback aims 202

to enhance the quality of images generated by 203

the diffusion model through alignment between 204

linguistic and visual information. This method 205

comprises two core parts: Reward Function and 206

Feedback Optimization For Diffusion Model. 207

3.3.1 Reward Function 208

To ensure consistency between the translated 209

source sentence and the generated image, the 210

entities and relations in the image need to match 211

those in the source sentence as closely as possible. 212

We design a reward function to assess this 213

consistency between VSG and LSG, as shown in 214

Figure 3. Higher LSG-VSG similarity indicates 215

stronger alignment. The reward function scores 216

consistency from 0 to 1, making this task a 217

reinforcement learning from feedback (Ouyang 218

et al., 2022; Christiano et al., 2017). 219

For LSG and VSG generation, we utilize two 220

off-the-shelf SG parsers to obtain LSG and VSG 221

separately (as detailed in §4.3). Due to the differing 222

number of triples in LSG and VSG, we designed a 223
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<s>The black dog
is retrieving a ball

in water.</s> Encoder Decoder

Latent Space

RL

black dog

retrieving
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in

water
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waterwhite

Closer?

Stable Diffusion

Figure 3: RL Training Detail. The overview
of IMAGE, which leverages an alignment feedback
learning framework to comprehensively enhance the
visual signals performance.

structured similarity calculation method to measure224

their consistency. For each LSG triple, we compute225

its similarity with all VSG triples and take the226

highest score as its matching degree227

Score (LSGi,VSG) = max (Sim (LSGi,VSG1) , · · · ,Sim (LSGi,VSGn)) ,

(6)228229

Sim(LSG,VSG) = SIM(hl,hv)+SIM(rl,rv)+SIM(tl,tv)
3 ,

(7)230

where n represents number of VSG sets, hl and231

hv are the head entities, tl and tv are the tail232

entities, rl and rv are the relations, and SIM is233

off-the-shelf similarity of text model (as detailed234

in §4.3). Finally, the consistency reward score235

between sentences and images is the average score236

of all text triples:237

r(x0, c) =
1

N

N∑
i=1

Score(LSGi,VSG), (8)238

where c denotes the LSG of the source sentence,239

N is the total number of the training set, and x0240

represents the generated image.241

3.3.2 Feedback Optimization For Diffusion242

Model243

We assume a pretrained diffusion model. Given244

a fixed sampler, the diffusion model induces a245

sample distribution pθ(x0|c). The objective of246

denoising diffusion reinforcement learning is to247

maximize a reward signal r defined on the samples248

and contexts:249

LIMAGERL(θ) = Ec∼p(c),x0∼pθ(x0|c)[r(x0, c)],
(9)250

for a context distribution p(c) of our choosing.251

To improve the alignment between generated252

images and text, we need to optimize LIMAGERL.253

In general, we can use the denoising loss LDDPM254

(Equation 5), but with training data x0 ∼ pθ(x0|c)255

and an added weighting that depends on the256

reward r(x0, c). We refer to this general class257

of algorithms as Denoising Diffusion Policy 258

Optimization (DDPO) (Black et al., 2024), framing 259

the training of the diffusion model as a Markov 260

Decision Process (MDP) and performing multi- 261

step optimization for fine-tuning. 262

3.4 Model Training 263

Training of Diffusion Models with RL: The train- 264

ing objective is to maximize cumulative rewards, 265

improving the alignment between images and text 266

in Equation 9. We use policy gradient estimation 267

to optimize the model parameters. With access to 268

likelihoods and likelihood gradients, we can make 269

direct Monte Carlo estimates of ∇θLIMAGERL. 270

The process uses the score function policy 271

gradient estimator, also known as the likelihood 272

ratio method or REINFORCE (Williams, 1992; 273

Mohamed et al., 2020): 274

∇θLIMAGERL = E

[
T∑

t=0

∇θ log pθ(xt−1|xt, c) r(x0, c)

]
.

(10) 275

Ordered Learning Implementation: In the 276

initial stage, each of the above learning objectives 277

will be executed separately in a certain order to 278

maintain a stable and effective IMAGE system. We 279

first perform LIMAGERL. After training diffusion 280

models, we train LLM with the loss L which is 281

the combination of LIMAGERL (Equation 9) and 282

LMLLM (Equation 2): 283

L =
LMLLM

LMLLM
constant +

LIMAGERL

LIMAGERL
constant , (11) 284

where constant refers to the loss value treated as 285

a constant. 286

4 Experiment Setup 287

4.1 Dataset 288

We experiment on Multi30K (Elliott et al., 2016) 289

and the WMT24 test set (Kocmi et al., 2024), with 290

dataset details in Appendix A.1. 291

4.2 Comparing Systems 292

We used two types of baseline methods: 293

(i) Traditional Multimodal Machine Transla- 294

tion models (MMT), including Soul-Mix (Cheng 295

et al., 2024), RG-MMT-EDC (Tayir and Li, 2024), 296

WRA-guided (Zhao et al., 2022), Imagination (El- 297

liott and Kádár, 2017) and ImagiT (Long et al., 298

2021). These MMT baselines take the source 299

language sentence as textual input while utilizing 300

the image as visual input. They have completed 301

training on the Multi30k training dataset and 302
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Language English → German English → French

Testset Test2016 Test2017 MSCOCO Test2016 Test2017 MSCOCO Average

Metric BLEU ↑ / COMET ↑ / BLEURT ↑

Traditional MMT

Soul-Mix 42.5/—–/—– 34.5/—–/—– 30.9/—–/—– 62.4/—–/—– 54.8/—–/—– 45.7/—–/—– 45.1/—–/—–
RG-MMT-EDC 42.2/—–/—– 33.4/—–/—– 30.0/—–/—– 62.9/—–/—– 55.8/—–/—– 45.1/—–/—– 44.9/—–/—–
WRA-guided 39.3/—–/—– 32.3/—–/—– 28.5/—–/—– 61.8/—–/—– 54.1/—–/—– 43.4/—–/—– 43.2/—–/—–
ImagiT 38.6/—–/—– 32.1/—–/—– 29.7/—–/—– 60.8/—–/—– 52.8/—–/—– 42.5/—–/—– 42.7/—–/—–
Imagination 39.7/—–/—– 32.3/—–/—– 28.5/—–/—– 61.8/—–/—– 54.1/—–/—– 43.4/—–/—– 43.3/—–/—–

Open-source LLMs based on Text

Llama3-8B 30.1/69.5/56.6 24.2/66.4/53.0 21.9/62.6/47.8 50.2/77.8/61.1 40.4/72.8/53.3 34.5/70.7/49.9 33.6/69.9/53.6
Alpaca-7B 38.5/77.2/66.2 34.3/76.5/65.9 30.9/72.4/61.5 59.2/82.5/70.2 51.4/79.4/68.3 42.6/77.2/62.9 42.8/77.5/65.8
Vicuna-7B 32.9/75.9/63.5 28.0/75.4/63.5 26.1/70.3/57.7 46.5/81.4/64.8 43.8/82.4/66.3 39.3/78.6/61.0 36.1/77.3/62.8
Tower-7B* 22.1/52.1/34.2 13.7/45.5/25.8 16.3/48.6/31.5 24.5/55.9/31.7 20.8/50.1/25.7 22.5/52.1/29.1 20.0/50.7/29.7
ALMA-7B* 23.1/66.4/59.1 18.9/66.3/57.8 13.7/62.1/55.6 21.4/67.0/52.6 17.4/65.5/50.8 17.9/65.3/52.8 18.7/65.4/54.8
ALMA-R-13B* 29.1/71.8/59.4 24.8/71.8/60.5 23.9/68.2/57.8 27.4/73.7/52.7 24.4/74.5/54.6 29.2/72.8/54.9 26.5/72.1/56.7

Open-source LLMs based on Text & Image

DreamLLM 27.2/74.8/67.4 19.5/73.5/65.9 19.3/69.4/62.5 36.9/81.1/68.3 34.7/80.6/67.9 36.6/79.2/66.5 29.0/76.4/66.4
IMAGE 45.3/83.1/78.1 38.6/81.9/76.8 37.5/78.8/74.6 67.5/88.3/81.2 61.5/86.6/78.8 49.3/82.5/72.6 49.9/83.5/77.0

Table 1: The Multi30K benchmark results include BLEU, COMET, and BLEURT scores, with bolded values
indicating the highest. Each test set was evaluated five times, confirming stability and robustness through hypothesis
testing (p < 0.01). * denotes no fine-tuning on Multi30K.

reached convergence. The results are cited from303

the reported data in the paper.304

(ii) Open-source Large language models,305

including Llama3-8B, Alpaca-7B, Vicuna-7B,306

Tower-7B, ALMA-7B, ALMA-R-13B, and Dream-307

LLM. Among them, Llama3-8B (AI@Meta, 2024),308

Alpaca-7B (Bommasani et al., 2021), and Vicuna-309

7B (Chiang et al., 2023) are models widely used310

for multilingual tasks, all of which exhibit strong311

instruction-following capabilities. For Tower-312

7B (Alves et al., 2024), ALMA-7B (Xu et al.,313

2023a), and ALMA-R-13B (Xu et al., 2024),314

these models were pre-trained and fine-tuned on315

translation datasets, outperforming ChatGPT in316

multiple language directions. DreamLLM (Dong317

et al., 2024) is a framework that unifies text and318

image generation in MLLMs.319

4.3 Training Setting320

Following prior work, we use Mask R-CNN (Tang321

et al., 2020) in the VSG generator2 and parse322

sentences into dependency trees (Anderson et al.,323

2018) to construct LSG based on specific324

rules (Schuster et al., 2015)3. Sentence Trans-325

formers4 (Reimers and Gurevych, 2019) measure326

2https://github.com/KaihuaTang/Scene-Graph-
Benchmark.pytorch

3https://github.com/scofield7419/UMMT-
VSH/tree/master/SG-parsing/LSG

4https://huggingface.co/sentence-transformers/all-
MiniLM-L6-v2

LSG-VSG similarity. Experiments use open- 327

source LLMs from the LLaMA2 family (Touvron 328

et al., 2023), with DreamLLM (Dong et al., 329

2024) (Vicuna-7B (Chiang et al., 2023)) as the 330

primary multimodal model. Training runs for 1.5 331

epochs with batch size 16 on A100 80G GPUs, 332

using a peak learning rate of 2e-5 (3% warmup). 333

Multi-GPU training is performed with DeepSpeed 334

stage 2 (Rasley et al., 2020) and FP16 precision. 335

Hyperparameter details are in the released scripts. 336

Comparison models, including Llama3-8B and 337

Alpaca, use the same settings. Our method 338

achieves 15.712s/sample, matching DreamLLM’s 339

speed while delivering better performance. 340

4.4 Automatic Evaluation 341

We evaluate our translation method using 342

COMET (Rei et al., 2022) and BLEURT (Sellam 343

et al., 2020) for LLM-based translation, following 344

established standards (Chen et al., 2024c; He et al., 345

2023; Huang et al., 2024), and BLEU (Post, 2018) 346

for traditional evaluation. 347

5 Experimental Results 348

5.1 Main Experiment Results on MMT task 349

Table 1 presents the experimental results on 350

the Multi30K dataset. Our method, which 351

generates visual information, significantly 352

outperforms text-only translation models 353

based on the same foundational LLM, 354
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achieving an average BLEU improvement355

of 20.28=(16.3+7.1+13.8+29.9+31.2+23.4)/6.356

This highlights the crucial role of visual357

information in translation (consistent with Section358

5.4). Compared to traditional MMT approaches359

that leverage annotated images, our method still360

achieves superior performance, demonstrating the361

potential of multimodal large language models in362

machine translation.363

5.2 Main Experiment Results on General MT364

The effectiveness of IMAGE in general domain365

translation tasks. In the WMT24 general domain366

tasks, as shown in Table 2, IMAGE outperforms367

other methods across 4 language pairs and 3368

evaluation metrics. Specifically, in the general369

domain, the IMAGE method outperforms Vicuna370

directly by +3.9 BLEU and +8.2 COMET. This371

indicates that the visual information enhances the372

translation ability of LLMs in the general MT task.373
En→Zh En → De En→Hi En→Cs

BLEU ↑ /COMET ↑ /BLEURT ↑

Llama3-8B 11.6/56.8/33.4 12.7/54.3/36.9 1.2/39.4/31.5 3.2/47.9/25.0
Alpaca-7B 15.0/54.6/45.7 17.1/60.4/56.5 2.9/36.7/36.5 3.4/53.6/36.7
Vicuna-7B 21.8/63.9/36.4 23.3/68.2/52.1 5.6/49.4/45.0 6.7/57.9/45.2
Tower-7B* 13.5/55.5/42.8 17.2/55.7/47.2 2.0/32.1/20.2 1.4/42.9/28.9
ALMA-7B* 14.8/52.9/33.4 17.4/58.1/40.2 1.0/31.9/26.9 1.7/49.7/32.0
ALMA-R-13B* 15.2/57.4/37.2 18.3/57.2/46.8 1.3/34.1/30.9 3.5/53.2/45.5
IMAGE 26.8/77.6/57.4 23.8/73.3/60.8 6.2/51.4/47.3 16.2/69.9/53.9

Table 2: The WMT24 test set results, including
BLEU and COMET scores, are shown. Bolded values
represent the highest scores. Each test set was evaluated
five times, confirming result stability and robustness
through hypothesis testing (p < 0.01). * indicates no
fine-tuning on WMT24.

The effectiveness of IMAGE in low-resource374

tasks. We selected two low-resource tasks375

(En→Cs/Hi) from WMT24. As shown in Table376

2, LLMs still struggle with these tasks. However,377

IMAGE outperforms baseline methods, achieving378

an average improvement of +14.13 COMET and379

+3.87 BLEU for En→Hi, and +19.03 COMET380

and +12.88 BLEU for En→Cs. This highlights381

the role of visual information in enhancing MT382

performance in low-resource scenarios.383

5.3 Experiment on the Correlation between384

Reward Scores and MT Performance385

We further investigated the impact of the proposed386

RL training method on model translation perfor-387

mance. Inspired by Wu et al., 2021 and Zhu388

et al., 2023b, we conducted a visual analysis on389

Multi30K (En→De), using BLEU and Reward390

scores (calculated as shown in Equation 8) as391

reference metrics.392
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Figure 4: Correlation between Reward Scores and MT
Performance

Figure 4 illustrates the training process, with 393

iterations on the horizontal axis and translation 394

performance (left) and RL Reward scores (right) 395

on the vertical axes. Results show continuous 396

optimization, with increasing Reward scores 397

and improved translation quality. The Reward 398

score measures the similarity between LSG and 399

VSG, and higher similarity leads to better-aligned 400

images, enhancing translation performance. 401

5.4 Ablation Experiment on Loss 402

In Table 3, we quantify the contribution of 403

each learning strategy through the ablation study. 404

Each learning strategy has a significant impact 405

on overall performance. The training objective 406

aligning visual and source sentence information 407

demonstrates a notable impact, with an average 408

increase of 1.5 scores. Additionally, multilingual 409

text translation showed a more significant effect, 410

with an average increase of 7 BLEU scores. 411

When using these two training objectives together, 412

we observed the most significant performance 413

improvement, with an average increase of 18.4 414

BLEU scores. These results confirm the long- 415

standing findings in MMT research on the positive 416

influence of visual information on multilingual 417

translation tasks (Zhao et al., 2020; Fang and Feng, 418

2022; Elliott et al., 2016). 419
Configuration English → German

LMLLM LIMAGERL Test2016 Test2017 MSCOCO

✗ ✗ 27.2 / 74.8 / 67.4 19.5 / 73.5 / 65.9 19.3 / 69.4 / 62.5
✗ ✓ 27.4 / 74.9 / 67.5 22.2 / 74.3 / 66.6 21.0 / 71.5 / 63.2
✓ ✗ 32.9 / 75.9 / 63.5 28.0 / 75.4 / 63.5 26.1 / 70.3 / 57.7
✓ ✓ 45.3 / 83.1 / 78.1 38.6 / 81.9 / 76.8 37.5 / 78.8 / 74.6

Table 3: Comparison of configurations with different
loss functions. The ✓ and ✗ indicate whether
the training includes the LMLLM and LIMAGERL.
Metrics are BLEU/COMET/BLEURT.

5.5 Ablation Experiment on Module 420

Table 4 presents ablation studies on Multi30K to 421

evaluate each component of IMAGE. Removing 422
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Stable Diffusion (w/o SD) led to a 1.7 BLEU423

drop, confirming the benefit of generated visual424

information in multilingual translation. Using425

real images instead of SD-generated ones (w/ RI)426

resulted in a 1.8-point decline, suggesting SD-427

generated images are more effective (discussed428

further in Section 5.6). Removing the vision en-429

coder (w/o VS) significantly reduced BLEU scores430

(45.43/38.6/37.5 → 39.2/35.1/33.2), highlighting431

its crucial role in vision-text alignment.
Language English → German

Testset Test2016 Test2017 MSCOCO

Metrics BLEU ↑ /COMET ↑ /BLEURT ↑

IMAGE 45.3/83.1/78.1 38.6/81.9/76.8 37.5/78.8/74.6
- w/o SD 42.9/82.5/77.2 37.7/81.4/76.2 35.6/78.6/73.9
- w/ RI 42.6/82.3/77.0 37.9/81.3/76.1 35.5/78.7/74.1
- w/o VS 39.2/77.7/67.2 35.1/77.4/67.0 33.2/72.7/61.9

Table 4: Comparison of configurations with different
modules. SD, RI and VS represent Stable Diffusion,
Real Image and Vision Encoder, respectively.

432

5.6 Evaluation of Generated Image Quality433

To examine the alignment between IMAGE-434

generated images and source sentences, we used435

a pretrained Stable Diffusion model and IMAGE436

to generate images and evaluated them with437

CLIPScore(Hessel et al., 2021). CLIPScore mea-438

sures text-image similarity as CLIPScore(c, v) =439

max(cos(c, v), 0), where c and v are feature vec-440

tors from CLIP’s text and image encoders(Radford441

et al., 2021). Since this experiment evaluates442

the generated images, it reduces the risk of443

data exposure in CLIP pre-training. Results in444

Table 5 show that IMAGE outperforms Stable445

Diffusion across all datasets. Moreover, IMAGE-446

generated images exhibit higher similarity to447

source sentences than original related images in448

Test2016 and Ambiguous COCO, confirming its449

effectiveness in enhancing translation tasks.450

Language English → German

Testset Test2016 Test2017 MSCOCO

Metrics CLIPScore ↑

Stable Diffusion 0.72 0.72 0.71
IMAGE (SD) 0.76 0.76 0.75
Multi30K 0.75 0.78 0.74

Table 5: CLIPScore measures the similarity between
source language sentences and related images.
represents Stable Diffusion without fine-tuning, while

denotes Stable Diffusion fine-tuned with RL (§3.3.1).

We also present some qualitative case study451

results on the Multi30K En→De test datas in452

Figure 5 and 6. The results indicate that, compared 453

to Stable Diffusion and OpenAI’s DALL-E 35, our 454

proposed model generates more accurate images 455

based on the source sentences, leading to higher- 456

quality translation outcomes. A key advantage 457

of the IMAGE model is its ability to generate 458

visuals that correctly represent the number and 459

relationships of object instances as defined by the 460

source sentence, ensuring translation accuracy. 461

5.7 Human Evaluation 462

To verify text-image consistency and potential over- 463

reliance on visual information, we conducted a 464

human evaluation. We sampled 50 instances from 465

the Multi30k En→De 2016 test set, generated 466

images using Stable Diffusion, DALL-E, and 467

IMAGE, and translated them with DreamLLM 468

(Vicuna-based). Each instance was rated on Text- 469

Image Alignment and Over-reliance on Visual 470

Information using a 1-3 scale, where 1 indicates 471

poor consistency or excessive reliance, and 3 472

indicates good consistency or no over-reliance. 473

Two evaluators scored each instance independently, 474

averaging the final scores (details in Appendix B). 475
Method T-Img Align. ↑ Over-rel. Vis. ↓ BLEU/COMET/BLEURT ↑

SD+DreamLLM 1.44 2.68 26.3/76.5/68.5
DALL-E+DreamLLM 2.14 2.52 28.8/78.3/70.3
IMAGE 2.68 2.50 54.3/85.6/81.2

Table 6: Human evaluation results. T-Img Align.: Text-
Image Alignment, Over-rel. Vis.: Over-reliance on
Visual Information.

Table 6 shows that our method generates 476

images with better text consistency than other 477

approaches. Additionally, excessive reliance on 478

visual information is significantly influenced by the 479

degree of text-image alignment. Lower consistency 480

increases dependence on visual information, 481

thereby affecting machine translation performance. 482

6 Related Works 483

MMT Model Architecture: Multimodal Machine 484

Translation (MMT) enhances translation by 485

incorporating visual information (Zhang et al., 486

2019). Since the introduction of the Multi30K 487

dataset (Elliott et al., 2016), early research focused 488

on model architectures (Zhou et al., 2018; Calixto 489

and Liu, 2017; Helcl et al., 2018). Later studies 490

explored multimodal encoders integrating text and 491

visuals (Yao and Wan, 2020; Yin et al., 2020), 492

as well as deliberation and capsule networks 493

in decoders (Ive et al., 2019; Lin et al., 2020). 494

Some works propose pretrained encoder-decoder 495

5https://openai.com/index/dall-e-3/
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A small child outside with
autumn leaves blowing

around her face.
Source

G
T

R
ef
er
en

ce

Ein kleines Kind draußen
mit Herbstlaub, der um

ihre Gesicht fliegt.

D
re
am

LL
M

Ein kleines Kind draußen
mit Herbstlaub, der auf

ihrer Mütze weht.

IM
AG

E
(O

ur
s)

Ein kleines Kind mit
Herbstlaub, das um ihr
Gesicht weht, draußen

A man sitting on a
sidewalk bench with a car
to the side along the curb.

Ein Mann sitzt auf
einer Seitenbank am

Straßenrand.

Ein Mann sitzt auf einer Bank
an der Straße mit einem Auto

an der Straßenecke.

Two horses one black and
one brown and one

gentleman caressing them

Zwei Pferde, eines schwarz
und eines braun, und eines

Herrn, der sie kussiert,

Zwei Pferde, eines schwarz
und eines braun, und eines

Herrn, der sie caramelt

G
PT

-4
O

Ein kleines Kind draußen,
umgeben von herbstlichen

Blättern, die um ihr
Gesicht wehen.

Ta
rg
et

Ta
rg
et

Ta
rg
et

Ein Mann sitzt auf einer
Bank am Gehweg, mit einem
Auto neben dem Bordstein.

Zwei Pferde, ein schwarzes
und ein braunes, wurden von

zwei Herren gestreichelt.

Zwei Pferde, eines schwarz
und eines braun, und ein
Herr, der sie streichelt.

Ein Mann sitzt auf einer Bank
an der Straße mit einem Auto

neben ihm an der Kante.

Three women,
walking or standing
near a wall, outside.

Drei frauen stehen
oder gehen im freien in
der nähe einer wand .

Drei Frauen gehen oder
stehen draußen in der

Nähe einer Wand.

A bright red boat on
perfectly calm blue water.

Men are rolling bales of
hay while other men are
running on top of them.

Ein schwarzes Boot auf
klarem blauen Wasser.

Männer rollen Kugeln von
Gras, während andere

Männer auf ihnen laufen.

Ein kleiner, glühender
Boot auf einem klaren

blauen Wasser.

Eine gelbe Boot auf
einem perfekten, blauen

Wasser.

Zwei Frauen, die an einer
Wand stehen oder gehen,

draußen.

Männer sind dabei, Stroh
zu rollen, während andere
Männer auf ihnen laufen.

Männer rollen Strohballen,
während andere Männer

auf ihnen springen.

Eine leuchtend rote Boot
auf vollkommen ruhigem

blauen Wasser.

Drei Frauen, die an einer
Wand gehen, draußen.

Die Männer rollen Heuballen,
während andere Männer auf

ihnen oben drauf laufen.

Figure 5: Qualitative comparison of IMAGE on Multi30K En-De test set. IMAGE not only generates high-
quality images but also accurately reflects object counts and scene details. GPT-4o uses DALL-E for image
generation, followed by translation with GPT-4o. Red words highlight translation errors.

frameworks for MT (Shan et al., 2022; Vijayan496

et al., 2024). While Multimodal Large Language497

Models (MLLMs) are widely used in multimodal498

tasks (Bai et al., 2023; Yue et al., 2024; Li499

et al., 2024; Huang and Zhang, 2024), their role500

in MMT remains underexplored. We introduce501

MLLMs for MMT, leveraging strong text-to-image502

models (Bolya and Hoffman, 2023; Rombach503

et al., 2022) to generate high-quality, contextually504

relevant images, enhancing MT performance.505

Image-Free MMT: Traditional multimodal506

translation methods rely on annotated images, lim-507

iting practical applicability. To address this, prior508

works explored alternative strategies: Zhang et al.,509

2020 used target-end image retrieval; Elliott and510

Kádár, 2017 proposed the “Imagination” multi-task511

framework; Calixto et al., 2019 introduced latent512

variables for joint translation-image modeling;513

Long et al., 2021 employed GANs (Goodfellow514

et al., 2014) to generate visual features; Fei515

et al., 2023 designed a visual scene hallucination516

mechanism for image-free translation; and Yuasa517

et al., 2023 incorporated diffusion models for518

image generation, though still requiring annotated519

data. Our approach enhances translation without520

image input by removing text-image annotations,521

improving source-text relevance via LSG-VSG522

consistency, and leveraging CLIP for better visual- 523

text alignment. 524

RL Fine-tuning Diffusion Models: Fan and 525

Lee, 2023 proposed a policy gradient-based 526

training method to improve the sampling efficiency 527

of diffusion models. Following this direction, 528

Black et al., 2024; Fan et al., 2023 utilized 529

policy gradient algorithms to optimize text-to- 530

image diffusion models for better alignment with 531

human preferences, incorporating a single-image- 532

based reward function (Xu et al., 2023b; Zhang 533

et al., 2024b). Miao et al., 2024 introduced a 534

diversity reward mechanism based on image sets 535

to efficiently measure the discrepancy between 536

the generated and reference distributions. Our 537

approach pioneers LSG-VSG feedback for better 538

image-text alignment, eliminating annotated data 539

reliance, and reducing training costs. 540

7 Conclusion 541

Our IMAGE framework enhances LLM-based 542

translation by generating clear visual represen- 543

tations, refining scene and relationship clarity 544

through graph-based supervision. It outperforms 545

text-only LLM-MT, especially on complex sen- 546

tences, pioneering visual signal integration for 547

improved translation. 548

8



Limitation549

Our IMAGE method utilizes imaginative gener-550

ation to enhance machine translation based on551

large language models (LLMs), delivering a clearer552

visual image that significantly boosts translation553

accuracy. However, the translation capability of554

our method is primarily limited by the multilingual555

performance of LLMs. Additionally, our method556

requires collaborative training of LLMs and Stable557

Diffusion, which demands greater computational558

resources.559
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A Data and Training Setting 1185

A.1 Dataset Detail 1186

Multi30K (Elliott et al., 2016) We evaluate our 1187

methods on two standard benchmarks: Multi30K 1188

English→German (En→De) and English→French 1189

(En→Fr). Multi30K is a widely used MMT 1190

dataset, containing 31,014 images with one English 1191

description and the manual translation in German 1192

and French. The training and validation sets consist 1193

of 29,000 and 1,014 instances, respectively. We 1194

reported the results on the Test2016, Test2017, 1195

Test2018 and MSCOCO test sets, which includes 1196

1, 000, 1,000, 1071 and 461 instances, respectively. 1197

WMT24 test set (Kocmi et al., 2024) To 1198

further validate the effectiveness of our framework 1199

in general translation, we also conducted tests 1200

on the WMT24 English→German (En→De), 1201

English→Chinese (En→Zh), English→Czech 1202

(En→Cs), and Eglish→Hindi (En→Hi) test sets. 1203

Among them, En→De and En→Zh are high- 1204

resource MT tasks, while En-Cs and En-Hi are 1205

low-resource tasks. 1206

B Human Evaluation Details 1207

To ensure the quality and reliability of the 1208

evaluation, we recruited 2 annotators with a 1209

strong background in both machine translation and 1210

image processing, each with at least two years of 1211

experience in these fields. Before the evaluation 1212

began, the annotators participated in calibration 1213

sessions, where they reviewed the scoring criteria 1214

and discussed examples of different degrees of 1215

alignment and over-reliance to ensure consistency 1216

across evaluations. The two metrics were defined 1217

as follows: 1218

1. Text-Image Alignment: This metric assessed 1219

how well the generated image reflected the 1220

content and context of the translated text. 1221

Scores were assigned based on the degree of 1222

congruence between the image and the text, 1223

with 1 indicating significant misalignment and 1224
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3 indicating a strong match between the image1225

and the textual content.1226

2. Over-reliance on Visual Information: This1227

metric evaluated the extent to which the1228

translation leaned on the visual content rather1229

than relying on the semantic richness of1230

the text. A score of 1 was given if the1231

translation showed clear dependence on the1232

visual elements, compromising the accuracy1233

or richness of the text. A score of 3 was given1234

if the translation was well-grounded in the1235

textual content, with no excessive influence1236

from the generated image.1237

Each instance was independently scored by 21238

evaluators. To maintain objectivity and minimize1239

potential biases, annotators worked independently1240

and were blinded to the identity of other evaluators’1241

scores. After individual evaluations, the final1242

score for each aspect was determined based on1243

the average of the two evaluators’ scores. In1244

cases where a significant disparity occurred (i.e., a1245

difference of more than 1 point), the annotators1246

discussed the instance in question to reach a1247

consensus.1248

C Experiment on Ambiguity Resolution1249

The purpose of this experiment is to evaluate1250

the effectiveness of the IMAGE framework in1251

resolving translation ambiguities. Specifically,1252

we aim to test the performance of our method1253

on datasets designed to challenge models with1254

ambiguous language, such as CoMMuTE (Futeral1255

et al., 2023). We conducted experiments within1256

the CoMMuTE benchmark, which requires high-1257

quality annotated images to resolve ambiguities1258

in translation. We compared our method against1259

three strong baselines: Graph-MMT, Gated Fusion,1260

VTLM + MMT, and VGAMT. Additionally, we1261

included the DreamLLM model for comparison.1262

The results of the CoMMuTE task are presented in1263

the table below:1264

Method En-Fr (ACC) En-De (ACC)

Graph-MMT* 50.2 49.1
Gated Fusion* 50.0 49.7
VTLM + MM* 50.1 50.0
VGAMT* 67.1 59.0
DreamLLM 50.0 50.0
IMAGE 50.1 50.5

Table 7: Performance on CoMMuTE task (accuracy in
%). * denotes results reported from paper Futeral et al.,
2023.

Although the IMAGE framework was not 1265

specifically designed for disambiguation tasks, it 1266

still performs comparably to three strong baselines 1267

in the CoMMuTE task. This demonstrates 1268

the robustness and versatility of our approach. 1269

However, the results around 50.0 for this metric 1270

indicate that while the visual content does not 1271

significantly enhance the translation, it also does 1272

not detract from it. This suggests that the metric 1273

may not be a good fit for our method in this context. 1274
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Figure 6: Qualitative comparison of IMAGE on Multi30K En-De devlopment set. IMAGE not only generates
high-quality images but also accurately reflects object counts and scene details. Red words highlight translation
errors.
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