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[Motivation]

• One-way modality mapping: Most methods rely on fixed

frameworks for one-way mapping, and they need repeated

retraining to meet various generation requirements.

• Limited scalability: Owing to the absence of explicit modeling

for open scenarios, these methods struggle to capture the

correspondence between visible and thermal signals, often

converging to suboptimal solutions constrained by the training

benchmarks.

• Lack of diversity: Existing methods mainly learn one-to-one

mappings, which limits their ability to capture the inherent

diversity of possible samples.

For example, in the same visible scene, a car’s

temperature distribution may change significantly with its

motion state, while a single infrared image may

correspond to multiple visible appearances or

environmental conditions.



[Method]

• We present SynthRGB-T, a novel multimodal image synthesis framework that leverages diffusion models and vision–language prompts to

generate high-fidelity, diverse, and controllable images.

• We design a Visual Grounding Pipeline (VGP) that harnesses the world knowledge of foundation models to derive visually aligned and

semantically coherent guidance. In addition, a Decoupled Injection Mechanism (DIM) is introduced to selectively inject multiple conditions during

the fusion stage, mitigating semantic conflicts and information interference.

• We design a Dual-Conditional Cross-Attention (DCCA) module that enhances multimodal fusion by promoting collaborative representation

learning across modality embeddings in the latent feature space.

We formulate image translation as a vision-language guided denoising diffusion process, enabling flexible conditioning and

open-world generalization.



[Visual Grounding Pipeline]

• A pre-trained VGP is employed to assist in the early

extraction of region-of-interest features during training

• This pipeline integrates three sequential foundation

models—Recognize Anything (RAM), Grounding DINO,

and Segment Anything (SAM)—to progressively identify,

localize, and segment the foreground regions.

• A three-branch Q-Former architecture is designed to

associate the region-of-interest mask, label information,

and textual prompt within a unified representation space.

The inputs to the Q-Former are paired foreground

embeddings extracted by VGP, focusing on object level

feature extraction to generate independent foreground

tokens.

Beyond automated dense object labeling, the text description

and corresponding mask of each foreground are fed into the

CLIP encoder and SAM encoder to establish a one-to-one

alignment between textual and visual representations. This

enables the VGP to generate conditional embeddings mask

and label for each object in a zero-shot manner, thereby

constructing an implicit translation prior



[Dual-Conditional Cross-Attention & Decoupled Injection]

• To enable the denoising U-Net to support the decoupled

injection mechanism, we designed a DCCA guided by joint

text-content or text-foreground.

• In DCCA, we introduce two sets of trainable linear

projection layers to handle image features and text

features separately. Unlike previous methods that apply

separate cross-attentions for each modality, DCCA

concatenates the keys and values of multi-source features,

then employs the U-Net query feature to initiate a unified

cross-attention.



[Loss Function]

• To ensure alignment between the query token extracted by VGP and the predefined prompt embedding throughout the

diffusion process, a similarity constraint is applied using MSE loss and cosine similarity loss.

• After aligning the visual and text prompts, the second stage of training is guided by three losses: diffusion loss to

ensure text consistency, geometric loss to preserve content structure, and perceptual constraint loss to enhance visual-

semantic fidelity.



[Comparison with SOTA Methods]

• Qualitative results of multimodal

translation tasks showing several

representative SOTA approaches.

The first four rows correspond to

bidirectional translation on M3FD

and LLVIP. The fifth and sixth rows

display visual-only benchmarks

(VisDrone, DERTAC). The seventh

and eighth rows show infrared-

only benchmarks (CTIR, IRSTD-1k).

• SynthRGB-T achieves the highest

visual realism, particularly on

unseen open benchmarks,

enhancing the credibility of future

synthetic datasets.



[Comparison with SOTA Methods]

• Evaluations are conducted on five

benchmarks: M3FD, LLVIP, AVMS, CTIR,

and VisDrone, which include both paired

and unpaired settings.

• Traditional GAN approaches tend to

produce lower SSIM and higher LPIPS,

indicating weaker cross-modal

consistency due to limited pixel-level

correspondence. In contrast, diffusion

based methods achieve more stable

performance but primarily model the

macro-level target-domain style, without

ensuring the true semantic alignment of

translated pixels. Our method, achieves

state-of-the-art results in both directions,

effectively bridging the modality gap.



[Ablation Study]

• Each component contributes to the final performance.

Removing VGP, DIM, DCCA, or text-visual alignment

leads to performance degradation.

• DCCA and DIM improve multimodal guidance fusion.

They reduce conflicts among text, foreground, and

content conditions.

• The full SynthRGB-T achieves the best balance between

fidelity and diversity. It follows prompts more accurately

while preserving realistic scene structures.



[Unpaired Translation Test]

• For both the I2V and V2I tasks, eight real-world scenes were selected from public benchmarks. SynthRGB-T is capable of

synthesizing visually distinct yet semantically consistent visible and thermal counterparts, driven by user-defined prompts. The

generated results exhibit high photorealism and finegrained structural fidelity. Furthermore, the prompts can be expressed in

diverse linguistic forms and styles, enabling flexible and intuitive control over the translation process.



[Adaptability Verification for High-Level Tasks]

• Compared with direct training, in-corporating

additional synthetic data leads to noticeable

improvements in image detail preservation, edge

sharpness, and object recognition accuracy. For

object detection, the fused images exhibit more

precise boundary localization of salient objects and

achieve detections with higher confidence. For

semantic segmentation, the generated maps clearly

distinguish different class regions and show close

alignment with the ground truth. These

observations demonstrate that synthetic data can

effectively enhance downstream tasks by providing

finer details and achieving a better balance of

contextual information.



Thanks for listening!


