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Abstract. Visible-to-infrared translation provides a scalable pathway to
synthesize infrared imagery from abundant visible data, offering a prac-
tical complement to costly cross-modal paired data acquisition. However,
most existing generative approaches formulate the task as a unified pro-
cess that implicitly entangles macroscopic thermal semantics with mi-
croscopic spatial detail reconstruction. This entanglement often forces a
sub-optimal trade-off, leading to blurred target boundaries or physically
unnatural thermal artifacts. In this paper, we reformulate the transla-
tion process into two explicitly decoupled but tightly coordinated con-
tinuous flows, proposing a novel framework named D3F-IR. Leverag-
ing the smooth and deterministic trajectories of flow matching, D3F-IR
introduces a semantic-domain flow to model macroscopic thermal dis-
tributions within a pretrained latent space, alongside an independent
pixel-domain flow to generate fine-grained spatial structures directly in
the image space. To seamlessly coordinate the two domains, we design a
Pixel-space Velocity Predictor equipped with SEmantic-Aligned Modula-
tion (SEAM) Layers, which establish explicit correspondence between se-
mantic tokens and spatial patches through patch-wise alignment. Exper-
iments on three benchmarks demonstrate that D3F-IR achieves strong
performance in both thermal semantic plausibility and pixel-level spa-
tial fidelity. These results highlight that explicit dual-domain decoupling
offers a highly effective paradigm for high-quality visible-to-infrared gen-
eration. Code is available at https://github.com/WanrenZeng/D3F-IR.
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1 Introduction

Visual-thermal sensor fusion and cross-modality downstream tasks, including
low-light perception surveillance and autonomous driving, have become increas-
ingly important for achieving robust perception under adverse environmental
conditions [1, 20, 36, 39]. In such environments, visible-light sensors degrade sig-
nificantly due to their strict dependence on illumination, whereas infrared sens-
ing reliably captures thermal radiance. While deep learning models have shown
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tremendous promise in these domains, they typically rely heavily on paired visi-
ble and thermal datasets for training. However, acquiring synchronized and pre-
cisely calibrated cross-modal image pairs is highly expensive and often restricted
by limited viewpoints and specific sensor configurations [12, 35, 38]. Therefore,
visible-to-infrared image translation has emerged as a scalable and flexible alter-
native. Synthesizing thermal images from abundant visible-spectrum data pro-
vides a cost-effective pathway to construct paired datasets and enhances the
robustness of downstream tasks against various thermal characteristics [45].

Early visible-to-infrared translation methods primarily relied on generative
adversarial networks to model the cross-modal mapping [13,17,51]. While these
methods improve visual realism, they frequently suffer from training instability
and tend to generate structural distortions or texture hallucinations due to the
limited constraints on global geometric consistency [7, 30]. Subsequently, diffu-
sion models and flow-based generative paradigms have emerged to bring greater
stability and controllability to conditional image generation. These advanced
frameworks further incorporate vision-language understanding [35], foundation-
model priors [31], or style-disentangled mechanisms [45] to effectively enhance
generation quality and spectral fidelity.

Despite recent advances in generative modeling, visible-to-infrared transla-
tion remains fundamentally challenging because it requires simultaneously in-
ferring macroscopic thermal semantics and preserving microscopic spatial struc-
tures from visible inputs that lack explicit temperature cues. Although similar
decoupling ideas have been explored in broader vision research, most of them
focus on content-style separation, and most advanced V2IR generative frame-
works [28, 31, 35] still formulate the task as a unified generation process. This
unified formulation implicitly entangles macroscopic thermal semantic assign-
ment and microscopic spatial detail synthesis within a single continuous flow or
latent space. Handling these distinct objectives within a unified representation
space significantly increases the learning difficulty and often forces a sub-optimal
compromise between global thermal plausibility and local texture fidelity.

To overcome the limitations of unified generative processes, we propose D3F-
IR, which is a dual-domain deterministic flow matching framework. Our core
insight is to explicitly decouple the translation process into two synchronized
continuous flows. A semantic-domain flow initialized by a pretrained encoder
captures global thermal priors and models macroscopic thermal distributions.
Meanwhile, a synchronized pixel-domain flow driven by a carefully designed
pixel-space velocity predictor synthesizes fine-grained spatial structures under
dynamic guidance from the semantic flow. To ensure coordinated interaction
between the two domains, we introduce SEmantic-Aligned Modulation (SEAM)
layers based on patch-wise spatial alignment. These layers establish explicit cor-
respondence between semantic tokens and spatial patches within the pixel branch
and enable structured semantic guidance during pixel-level synthesis.

Bringing these insights together, we develop a principled generative frame-
work for visible-to-infrared translation. Our main contributions are as follows:
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– We propose D3F-IR, a dual-domain deterministic flow matching framework
that explicitly decouples thermal semantic modeling and pixel-level spa-
tial detail synthesis, thereby effectively avoiding the sub-optimal trade-offs
caused by entangled optimization.

– We design a dedicated Pixel-space Velocity Predictor for structured pixel-
domain evolution. It leverages the deterministic nature of flow matching and
is equipped with Semantic-Aligned Modulation layers to establish explicit
correspondence between semantic guidance and spatial reconstruction.

– Extensive experiments on three standard benchmarks demonstrate that D3F-
IR achieves state-of-the-art quantitative performance while producing se-
mantically coherent thermal structures and high-fidelity spatial details.

2 Related Work

Visible-to-Infrared Translation. Generative adversarial networks [6] pio-
neered early visible-to-infrared translation research. Approaches such as Pix2Pix
[13] and CycleGAN [51] established paired and unpaired mapping paradigms.
Subsequent architectures further refined spectral fidelity through dedicated loss
formulations and structural adjustments [7,17–19,27,30,41]. However, adversar-
ial training remains notoriously unstable and frequently produces unnatural vi-
sual artifacts. Other structural paradigms include transformer-based contrastive
alignments [43] and saliency-guided spatial refinements [21].

Recently, advanced generative models have demonstrated superior cross-
modal synthesis capabilities. Diffusion paradigms investigate latent decompo-
sition [28] alongside vision-language pretraining [35] and foundation model inte-
gration [2,16,24,31]. UNSB [14] formulates the translation process via stochastic
transport bridges. Furthermore ThermalGen [45] introduces a flow-based ar-
chitecture for thermal image synthesis. Despite these advances, existing single-
network paradigms entangle macroscopic thermal semantic assignment and mi-
croscopic spatial detail synthesis. This entanglement restricts the model capacity
and forces a compromise between global temperature distribution and local tex-
ture rendering. Our work diverges from these methods by explicitly decoupling
the translation process into a dual-domain framework to simultaneously achieve
thermal semantic plausibility and pixel-level spatial fidelity.
Flow Matching Models. Flow matching formulates generative modeling as
learning continuous-time probability paths via the estimation of time-dependent
vector fields [22]. Notably, recent theoretical analyses reveal its favorable geomet-
ric generality and superior guidance flexibility compared to standard diffusion
frameworks [4, 8, 50]. Consequently, subsequent algorithmic developments have
extensively explored rectified formulations that produce straighter transport tra-
jectories [3] as well as consistency-based techniques to achieve significantly ac-
celerated generation [5, 46].

Deterministic variants of flow matching further replace stochastic noise priors
with structured source distributions to reduce sampling variance and improve
trajectory stability. RAW-Flow [25] explores this deterministic formulation and



4 P. Zeng et al.

Se
m

an
tic

 
En

co
de

r 𝓔

D
iff

us
io

n 
Tr

an
sf

or
m

er
 𝐯
𝜽"

ℒ"
𝐳#

SemV

𝐱$

𝐱!

Pi
xe

l-s
pa

ce
 

Ve
lo

ci
ty

 P
re

di
ct

or

!𝐯!"

Target
SemV

Fu
si

on
 L

ay
er

𝐯!"

𝐱"

𝑡

!𝐯!#

𝐯!#

𝓛%

PixV

Target
PixV

Visible
Image

𝐱"

En
co

de
r

𝐯𝝓%

𝐯𝜽'

𝐱𝒕)𝟏 𝐱𝑻𝐱,… …𝐯#%

𝒛𝒕)𝟏 𝒛𝑻𝒛,𝒛" … …𝐯#"

𝐯#"

𝐬#

… …

Infrared
Image

𝐱!

Fusion𝒛&

Semantic Flow
Pixel Flow

(a) Training of D3F Framework (b) Inference of D3F Framework

Fig. 1: Overview of the dual-domain deterministic flow matching framework of D3F-
IR. (a) During training, a Diffusion Transformer predicts SemV, the semantic-domain
velocity, which is integrated into a guidance signal to supervise a pixel-space velocity
predictor for PixV, the pixel-domain velocity. (b) During inference, the semantic and
pixel states are updated synchronously over T steps to generate the infrared image,
where x0 and x1 denote the visible input and the target infrared image, respectively.

demonstrates improved reconstruction quality. However, existing deterministic
flow applications typically operate within a single latent or image space. In con-
trast, we extend this paradigm by orchestrating two synchronized deterministic
flows across semantic and pixel domains.

3 Methodology

We introduce D3F-IR, a visible-to-infrared translation framework designed to
explicitly decouple thermal semantic modeling from the synthesis of pixel-level
spatial details. The proposed approach employs a novel dual-domain determin-
istic flow matching framework, whose overall training and inference pipelines
are illustrated in Figure 1. A semantic encoder based on the DINO architec-
ture [37] first extracts semantic latents from the input RGB image to initialize
the semantic-domain flow. Subsequently, a Diffusion Transformer [34] drives the
evolution of this semantic flow toward the target infrared semantic latent. At
each iteration, the predicted semantic velocity field from the Transformer pro-
vides dynamic guidance to the pixel-domain flow through a dedicated pixel-space
velocity predictor. By iteratively advancing the pixel-domain flow under this
guidance, the framework generates infrared images that achieve both thermal
semantic plausibility and high spatial fidelity.

3.1 Dual-Domain Deterministic Flow Matching

The D3F-IR framework jointly models two synchronized continuous flows de-
fined in the semantic domain and the pixel domain, respectively. Given a source
visible image x0 at time t = 0 and a corresponding target infrared image x1 at
t = 1, the semantic latent variable at time t is denoted by zt, while the image
variable is denoted by xt. This dual-domain formulation facilitates the evolu-
tion of representations at different abstraction levels while maintaining rigorous
coordination through dynamic guidance between the two flows.
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Deterministic flow matching [25] models data transformation as a continuous-
time ordinary differential equation (ODE) that transports a variable from an
initial state y0 to a target state y1 over the interval t ∈ [0, 1]. In this formulation,
the temporal evolution of the variable yt is governed by a velocity field vψ that
predicts the instantaneous direction of motion:

dyt = vψ(It) dt, t ∈ [0, 1], (1)

where yt is either zt or xt, and It denotes the information set available to the
velocity predictor at time t. This domain-specific information set is configured
to capture the necessary temporal and conditional dependencies for each flow.

During training, a probability path between the two endpoints is constructed
using linear interpolation, providing a deterministic trajectory:

yt = (1− t)y0 + ty1. (2)

Under this linear path formulation, the ground-truth velocity field remains con-
stant over time and is equivalent to the displacement between the endpoints,
specifically (y1 − y0). The velocity predictor is thus trained to regress the pre-
dicted velocity toward this target displacement:

Ly = Et∼U [0,1]

[∥∥vψ(It)− (y1 − y0)
∥∥2
2

]
. (3)

The final training objective combines the losses of the semantic and pixel flows
using predefined hyperparameters:

Lflow = λzLz + λxLx. (4)

Semantic-Domain Flow. The semantic-domain flow operates in a latent space
induced by a pretrained semantic encoder. Following the approach in RAE [49],
the framework employs a semantic encoder E(·) built upon a DINO backbone [37],
which extracts semantic latents to define the flow endpoints. Specifically, for a
visible image x0 and an infrared image x1, the semantic latents are:

z0 = E(x0), z1 = E(x1). (5)

The encoder provides stable high-level semantic latents. To optimize the en-
coder for cross-modal visible-to-infrared generation, the backbone parameters
are unfrozen and fine-tuned during the training process.

These endpoints capture high-level thermal priors from the visible and in-
frared domains, respectively. For this domain, the information set is defined as
It = {zt, t,x0}. The semantic velocity predictor is a Diffusion Transformer [34]
conditioned on the source visible image: v̂zt = vzθ(zt, t | x0). The Transformer
outputs the semantic velocity v̂zt , which is then combined with the initial latent
z0 through a lightweight fusion layer to produce the guidance signal st:

st = Fusion(v̂zt , z0), (6)
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Fig. 2: Illustration of the pixel-space velocity predictor and its core component. (a)
Overall architecture of vx

ϕ consisting of convolutional layers and SEAM Layers. (b)
Internal structure of a single Semantic-Aligned Modulation Layer. (c) Details of the
patch-wise modulation mechanism. For clarity, the broadcast range in (c) is simplified
to 2× 2; the actual implementation broadcasts to 4× 4 regions.

where the Fusion module comprises a cross-attention block [40] and several linear
layers. Specifically, z0 is linearly projected to form the query, while v̂zt is pro-
jected to form the key and value in the cross-attention mechanism. The resulting
signal st ensures that pixel-level synthesis remains semantically consistent with
the predicted thermal distribution. During inference, at each step, the Trans-
former outputs the semantic velocity field, which, combined with the current zt,
iteratively computes zt+1 as shown in Figure 1(b).
Pixel-Domain Flow. The pixel-domain flow operates directly in the high-
resolution image space, with endpoints x0 and x1. For this domain, the informa-
tion set is defined as It = {x0, st}, where the dependence on time t is effectively
maintained through the time-varying guidance signal st. Its velocity predictor is
a pixel-space module vxϕ that estimates the pixel velocity v̂xt conditioned on the
semantic guidance signal st from the semantic-domain flow:

v̂xt = vxϕ(x0 | st). (7)

The predictor vxϕ follows a convolutional encoder-decoder structure interleaved
with Semantic-Aligned Modulation (SEAM) Layers, as illustrated in Figure 2(a).
Given the input visible image x0 ∈ RB×3×H×W and the guidance signal st, the
network first extracts spatial features through convolutional layers that progres-
sively downsample the feature map twice, producing a bottleneck representation
denoted as p(0). The semantic guidance is initialized as s(0) = st, and both
representations are jointly processed by the subsequent SEAM Layers.
SEAM Layer. Each Semantic-Aligned Modulation (SEAM) Layer refines the
interaction between the semantic guidance signal and the pixel features, as il-
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lustrated in Figure 2(b). In the i-th SEAM Layer, the semantic guidance repre-
sentation s(i) first passes through a Transformer block to capture dependencies
within the guidance signal. The resulting representation is then projected by a
linear layer to produce scaling parameters γ(i) and shifting parameters β(i).

We apply a patch-wise modulation mechanism to inject these semantic signals
into the pixel features. Specifically, the modulation parameters are broadcast to
the corresponding p× p spatial regions of the pixel feature map p(i) (with p = 4
in our implementation), as illustrated in Figure 2(c). The pixel features are then
modulated through the affine transformation

p′(i) = (1 + γ(i))⊙ p(i) + β(i).

Compared with global modulation (e.g., AdaIN [11]) and pixel-wise spatial
modulation (e.g., SPADE [32]), the proposed patch-wise modulation provides a
balanced trade-off between computational efficiency and local spatial awareness,
which is particularly suitable for fine-grained detail reconstruction in the pixel-
domain flow.

The modulated features are subsequently refined by a spatial-channel at-
tention module, producing the updated feature map p(i+1), while the updated
semantic guidance representation is propagated to the next layer as s(i+1).

3.2 Inference

During inference, starting from x0 and z0 = E(x0), we iteratively update both
states over T discrete steps. At each step tk, we first compute vztk from the
Diffusion Transformer, derive stk via the fusion layer, and then obtain vxtk =
vxϕ(x0 | stk). The states are advanced by simple Euler integration: ztk+1

= ztk +
vztk ·∆t and xtk+1

= xtk + vxtk ·∆t. Upon reaching t = 1, the final pixel state x1

is the generated infrared image.

3.3 Training Strategy

We train the proposed D3F-IR framework end-to-end. The dual-domain deter-
ministic flow loss Lflow has been introduced in Section 3.1, and we utilize it as
the primary supervision for the joint evolution across both domains. We further
introduce additional losses to enhance training stability and quality.
Pixel Reconstruction Losses. To directly supervise the pixel-space velocity
predictor vxϕ, image reconstruction losses are applied to two distinct paths. For
the predicted path, the guidance signal st is first computed from the predicted
semantic velocity vzθ(zt, t | x0) through the fusion layer. The pixel-space velocity
field v̂xt is then obtained as

v̂xt = vxϕ(x0 | st) , x̂pred
1 = x0 + v̂xt , (8)

where x̂pred
1 denotes the image obtained by applying a single deterministic update

from x0 using the predicted pixel-space velocity.
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For the ground-truth (GT) path, the guidance signal sgt is computed from
the target semantic velocity (z1−z0) through the fusion layer. The corresponding
pixel-space velocity field v̂xgt is obtained as

v̂xgt = vxϕ
(
x0 | sgt

)
, x̂gt

1 = x0 + v̂xgt, (9)

where x̂gt
1 denotes the image obtained by applying the deterministic update using

the pixel-space velocity derived from the target semantic velocity. We compute
the reconstruction loss [42,48] for both x̂pred

1 and x̂gt
1 ,

Lrec(x̂1,x1) = ∥x̂1−x1∥22+λssim
(
1−SSIM(x̂1,x1)

)
+λlpipsLLPIPS(x̂1,x1), (10)

and utilize the combined term Lrec = Lrec(x̂
pred
1 ,x1)+Lrec(x̂

gt
1 ,x1). The GT path

provides a stable teacher-forcing signal for the pixel-space velocity predictor.
Overall Objective. The final objective is

Ltotal = λflowLflow + λrecLrec, (11)

where λflow and λrec control the relative weights of the corresponding terms. All
modules are optimized jointly in an end-to-end manner.

4 Experiments

In this section, we comprehensively evaluate the proposed D3F-IR framework.
We first detail the experimental setup, followed by quantitative and qualita-
tive comparisons against state-of-the-art methods. Finally, we conduct thorough
ablation studies to validate our core architectural designs.

4.1 Datasets and Implementation Details

Datasets. To evaluate the effectiveness of the proposed visible-to-infrared trans-
lation framework, three widely used public benchmarks are employed: KAIST [12],
FLIR [38], and M3FD [23]. For the KAIST dataset, the data partition protocol
defined in PID [28] is strictly followed, which contains 12,538 training pairs and
2,504 testing pairs. For the FLIR dataset, the preprocessing procedure intro-
duced in DiffV2IR [35] is adopted, where image pairs with black borders in the
infrared images are discarded. After filtering, the FLIR dataset contains 3,462
training pairs and 1,013 testing pairs. For the M3FD dataset, the dataset split
provided in DiffV2IR [35] is directly used, resulting in 3,550 training pairs and
640 testing pairs. All image pairs are spatially resized to 640×512 for the KAIST
and FLIR benchmarks, and to 512× 384 for M3FD.

Since recent methods based on large-scale pretraining provide strong base-
line performance, additional experiments are conducted on the dataset subset
introduced in ThermalGen [45]. Both a pretraining-then-fine-tuning setting and
a from-scratch setting are evaluated for comparison.
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Table 1: Quantitative comparison on KAIST [12], FLIR [38], and M3FD [23]. Best
results are bold; second-best are underlined.

Method KAIST [12] FLIR [38] M3FD [23]

PSNR↑ SSIM↑ LPIPS↓ FID↓ PSNR↑ SSIM↑ LPIPS↓ FID↓ PSNR↑ SSIM↑ LPIPS↓ FID↓

Pix2Pix [13] 21.569 0.746 0.496 130.422 16.774 0.410 0.618 180.746 16.943 0.631 0.413 170.680
CycleGAN [51] 20.248 0.692 0.519 73.565 16.056 0.390 0.602 79.876 14.652 0.590 0.382 111.853
InfraGAN [30] 12.233 0.560 0.587 86.287 17.145 0.450 0.675 91.955 16.382 0.616 0.628 85.433
EGGAN-U [18] 14.141 0.573 0.481 85.916 14.328 0.412 0.579 120.267 14.859 0.564 0.411 173.512
DR-AVIT [7] 19.453 0.714 0.495 99.642 14.036 0.372 0.637 80.667 14.270 0.601 0.390 116.469
StegoGAN [44] 17.329 0.630 0.501 69.916 14.546 0.368 0.692 137.266 13.640 0.502 0.484 209.521
UNSB [14] 19.181 0.676 0.492 67.175 15.941 0.368 0.650 84.749 12.227 0.412 0.495 132.335

ControlNet [47] 14.698 0.582 0.600 89.149 16.559 0.392 0.648 80.329 17.839 0.577 0.658 94.876
T2I-Adapter [29] 14.353 0.627 0.541 66.635 15.334 0.392 0.640 87.037 14.830 0.627 0.643 86.370
F-ViTA [31] 16.210 0.653 0.330 61.487 18.346 0.452 0.338 67.997 19.074 0.685 0.240 69.638
PID [28] 23.306 0.801 0.285 60.490 17.777 0.532 0.461 83.829 19.207 0.690 0.323 159.482
ThermalGen† [45] 23.743 0.801 0.261 35.958 17.823 0.490 0.430 78.652 20.573 0.744 0.214 74.326
DiffV2IR† [35] 19.986 0.733 0.270 47.405 19.596 0.472 0.309 55.399 20.704 0.721 0.217 63.154

D3F-IR (Ours) 24.938 0.830 0.246 75.909 20.094 0.541 0.360 66.716 21.530 0.768 0.213 103.264
D3F-IR (Ours)† 24.738 0.834 0.219 40.312 19.581 0.542 0.268 60.964 22.045 0.780 0.191 65.750
† indicates methods pre-trained on external large-scale infrared datasets.

Implementation Details. The proposed D3F-IR framework is optimized end-
to-end with the AdamW [15] optimizer (β1 = 0.9, β2 = 0.95, no weight decay)
and a Cosine Annealing with Warm Restarts scheduler [26] (base LR = 4 ×
10−4, T0 = 25, Tmult = 1, min LR = 4 × 10−6). It employs the smallest ViT-
based DINOv3 model (ViT-S/16). For the pretraining variant, models are first
trained on a large-scale augmented infrared dataset for 80 epochs, then fine-
tuned on each of the benchmark datasets (KAIST, FLIR, M3FD) for 20 epochs.
From-scratch versions are trained directly on these datasets for 80 epochs. All
experiments are conducted on a single NVIDIA A100 GPU with a batch size
of 1 and 8 steps of gradient accumulation. During inference, the deterministic
flow is solved using an Euler ODE solver with 10 steps. Notably, our approach
also offers hardware-overhead advantages compared to other generative methods.
More details are provided in the Supplementary Material.
Evaluation Metrics. We systematically evaluate the generated infrared im-
ages using four widely adopted metrics. Peak Signal-to-Noise Ratio (PSNR) and
Structural Similarity Index (SSIM) [42] are employed to measure pixel-level and
structural fidelity. Learned Perceptual Image Patch Similarity (LPIPS) [48] is
utilized to gauge perceptual realism. Additionally, we report the Fréchet Incep-
tion Distance (FID) [9]. To ensure a completely fair and unbiased distribution
measurement across varying resolutions, all FID scores are computed using the
CLEAN-FID [33] implementation.

4.2 Comparison with State-of-the-Art Methods

Quantitative Results. We conduct an extensive comparison of D3F-IR with
13 representative visible-to-infrared translation approaches, including 7 conven-
tional deep learning or GAN-based models (Pix2Pix [13], CycleGAN [51], Infra-
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Fig. 3: Qualitative results on benchmarks. D3F-IR achieves better structural fidelity
and thermal plausibility, especially in challenging regions with unreliable visible cues.

GAN [30], EGGAN-U [18], DR-AVIT [7], StegoGAN [44], and UNSB [14]) and
6 recent generative paradigms (ControlNet [47], T2I-Adapter [29], F-ViTA [31],
PID [28], ThermalGen [45], and DiffV2IR [35]). Table 1 reports the results.

As shown in Table 1, D3F-IR achieves state-of-the-art performance in pixel-
level accuracy and structural fidelity. When trained from scratch on the target
benchmarks, D3F-IR attains the best PSNR on all three datasets and yields
competitive SSIM and LPIPS, outperforming strong diffusion-based baselines
such as PID and F-ViTA.

The results further indicate that additional infrared pre-training can benefit
distributional alignment. Externally pre-trained methods (e.g., ThermalGen [45]
and DiffV2IR [35]) typically obtain lower FID, whereas the from-scratch set-
ting exhibits a larger FID gap despite higher PSNR and SSIM. To quantify the
impact of incorporating an extra pretraining stage before fine-tuning on each
target benchmark, an additional variant of the proposed method is evaluated.
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Visible Image Semantic Branch Only Pixel Branch Only Ours GT

Fig. 4: Qualitative results of architecture ablation. Pixel-branch removal causes struc-
tural distortions along object boundaries; semantic-branch removal introduces visible-
spectrum artifacts and unrealistic thermal patterns; dual-domain framework preserves
fine-grained and thermally consistent results.

Table 2: Ablation studies of the dual-domain architecture. Semantic Branch Only and
Pixel Branch Only denote configurations where one branch is removed.

Method FLIR [38] KAIST [12]

PSNR↑ SSIM↑ LPIPS↓ FID↓ PSNR↑ SSIM↑ LPIPS↓ FID↓

Semantic Branch Only 18.938 0.530 0.375 74.542 24.692 0.828 0.253 87.316
Pixel Branch Only 17.542 0.504 0.487 163.088 22.079 0.762 0.338 126.868
Ours 20.094 0.542 0.360 66.716 24.938 0.830 0.246 75.909

This variant substantially reduces FID across all datasets and improves SSIM
and LPIPS. On FLIR, a minor PSNR decrease is observed, which is consistent
with a shift in the optimization preference toward perceptual realism and dis-
tributional matching after pre-training and fine-tuning, rather than strict pixel-
wise regression under the from-scratch regime. Overall, these findings suggest
that the FID limitation mainly stems from limited training data and validate
the proposed dual-domain framework under both from-scratch and pretraining-
then-fine-tuning regimes.
Qualitative Results. Figure 3 presents qualitative comparisons on KAIST [12],
FLIR [38], and M3FD [23]. The visualization includes the visible input, the
ground-truth infrared image, and representative results from CycleGAN [51],
PID [28], DiffV2IR [35], ThermalGen [45], and the proposed method.

CycleGAN often produces outputs that resemble grayscale conversions of the
visible inputs, which fails to reflect plausible thermal distributions and suppresses
meaningful infrared contrast. PID frequently introduces noticeable image distor-
tions, leading to warped structures and degraded spatial consistency. Although
DiffV2IR and ThermalGen generate visually sharper outputs, the synthesized
thermal patterns can be physically implausible, and occasional structural dis-
tortions are observed in challenging regions, e.g ., human bodies may appear
over-smoothed and partially merged. In contrast, the proposed method pro-
duces high-fidelity infrared images with clear structures and coherent thermal
semantics, exhibiting distribution characteristics that are more consistent with
the ground-truth infrared data across all three benchmarks.
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Table 3: Ablation studies of the dual-domain flow objectives. Each branch remains in
the architecture while the corresponding flow matching loss is disabled.

Method FLIR [38] KAIST [12]

PSNR↑ SSIM↑ LPIPS↓ FID↓ PSNR↑ SSIM↑ LPIPS↓ FID↓

Semantic Flow Objective Only 18.938 0.530 0.375 74.542 24.692 0.828 0.253 87.316
Pixel Flow Objective Only 19.269 0.530 0.429 103.299 24.514 0.822 0.245 83.861
Ours 20.094 0.542 0.360 66.716 24.938 0.830 0.246 75.909

Visible Image Semantic Objective Ours GTPixel Objective

Fig. 5: Qualitative comparison of dual-domain flow objectives. The semantic-only ob-
jective introduces structural distortions, while the pixel-only objective produces ther-
mal distributions that deviate from the ground truth.

These improvements are attributed to the joint modeling of a pixel-space
flow and a semantic-space flow, which provides a favorable balance between
fine-grained detail reconstruction and thermally plausible semantic generation.
Moreover, several baselines are noticeably affected by artifacts inherited from the
visible inputs, which can lead to incorrect thermal intensities in regions where
appearance cues are unreliable. The proposed decoupled design mitigates this is-
sue by separating the treatment of appearance-driven textures and temperature-
related semantics. In the first row of Figure 3, a tree trunk covered by white paint
under shadow should exhibit low infrared intensity, whereas multiple baselines
incorrectly produce an overly high response; the proposed method better pre-
serves the realistic thermal intensity in such cases. In the second-row nighttime
scene, D3F-IR also produces sharper human contours with fewer blurry bound-
aries than competing methods.

4.3 Ablation Studies and Analysis

We conduct comprehensive ablation studies to validate the effectiveness of our
core methodological designs, and then analyze the dual-domain architecture and
flow matching objectives alongside the cross-domain modulation mechanism.
Ablation studies of Dual-domain Architecture. Table 2 evaluates the con-
tribution of the dual-domain architecture by isolating the two branches. Remov-
ing the pixel branch and retaining only the semantic flow leads to consistent
degradation across all metrics, indicating that semantic latent representations
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Visible Image Diffusion Flow Matching Deterministic Flow Ours GT

Fig. 6: Visual comparisons of different generative paradigms. Standard single-domain
generative models often struggle to balance global semantic transitions with local struc-
ture preservation, while our dual-domain deterministic flow matching framework miti-
gates these inherent limitations.

Table 4: Comparison of different generative modeling paradigms. Standard Diffusion,
Flow Matching, and Deterministic Flow models operate in a single domain.

Paradigm FLIR [38] KAIST [12]

PSNR↑ SSIM↑ LPIPS↓ FID↓ PSNR↑ SSIM↑ LPIPS↓ FID↓

Diffusion [10] 18.871 0.480 0.484 158.517 23.622 0.800 0.265 77.282
Flow Matching [22] 18.896 0.516 0.399 152.909 22.993 0.796 0.292 104.149
Deterministic Flow [25] 18.938 0.530 0.375 74.542 24.692 0.828 0.253 87.316

Ours 20.094 0.542 0.360 66.716 24.938 0.830 0.246 75.909

alone are insufficient to reconstruct deterministic microscopic spatial textures.
This deficiency also appears in Figure 4, where noticeable structural distortions
emerge along object boundaries.

Conversely, removing the semantic branch and relying solely on the pixel flow
results in an even larger decline in generative quality, particularly reflected by the
substantial increase in FID. Without the global thermal priors provided by the
semantic flow, the generated infrared images exhibit strong influence from the
visible input, producing visible-spectrum artifacts and unrealistic thermal pat-
terns. In contrast, the complete dual-domain framework preserves fine-grained
spatial structures while generating thermally plausible intensity distributions
that are consistent with the ground-truth infrared observations.
Ablation studies of Dual-domain Flow Objectives. Table 3 investigates
the contribution of the dual-domain flow objectives while keeping the architec-
ture unchanged. Removing the pixel-domain flow objective reduces pixel fidelity
and distribution consistency, reflected by lower PSNR and higher FID scores.
Because the velocity predictor loses its training signal and collapses into a con-
ventional decoder without explicit flow supervision, the resulting configuration
is structurally identical to the Semantic Branch Only setting in the architecture
ablation, explaining the identical quantitative behavior. Disabling the semantic
flow objective removes the deterministic transport constraint on the semantic
branch, making it behave as a standard feature extractor without explicit flow
supervision. Although this configuration does not introduce visible-spectrum ar-
tifacts observed in the architecture ablation, likely because the pretrained back-
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Table 5: Ablation study on the semantic injection mechanisms within SEAM layers.

Injection Method FLIR [38] KAIST [12]

PSNR↑ SSIM↑ LPIPS↓ FID↓ PSNR↑ SSIM↑ LPIPS↓ FID↓

Concatenation 19.790 0.528 0.361 79.882 24.897 0.829 0.257 85.622
Cross-Attention [40] 19.279 0.523 0.395 114.071 23.302 0.799 0.294 112.592

Patch-wise Modulation 20.094 0.542 0.360 66.716 24.938 0.830 0.246 75.909

bone [37] provides certain high-level semantic cues, the generated thermal distri-
butions still exhibit noticeable deviations from the ground-truth patterns. Fig-
ure 5 supports that the semantic-only objective leads to structural distortions,
while the pixel-only objective produces thermal distributions inconsistent with
the ground-truth infrared images. Our dual-domain objective yields the most
consistent structures and thermally plausible results.
Comparison of Generative Paradigms. Table 4 compares our dual-domain
approach with standard single-domain generative baselines. Standard diffusion [10]
and standard flow matching [22] paradigms operate exclusively in a single do-
main. These models struggle to balance global semantic transitions and local
structure preservation, leading to sub-optimal scores, especially in PSNR and
FID. The standard deterministic flow paradigm improves pixel-level metrics,
perceptual realism, and distribution consistency. However, it still falls short
compared to our method, as indicated by the inferior PSNR and FID scores.
Figure 6 provides qualitative evidence of these differences: diffusion produces
visible-spectrum artifacts, flow matching preserves overall thermal appearance
but introduces structural distortions, and deterministic flow generates rich tex-
tures that deviate from the ground-truth thermal patterns. Our dual-domain
deterministic flow matching framework mitigates these limitations by jointly
maintaining thermal consistency and structural fidelity. As a result, it outper-
forms standard single-domain paradigms in pixel fidelity, perceptual realism, and
distribution consistency.
Analysis of Semantic Injection in SEAM Layers. Table 5 compares dif-
ferent semantic injection strategies within SEAM layers. Simple concatenation
achieves competitive distortion metrics but exhibits inferior distribution align-
ment, reflected by higher FID scores. Standard cross-attention further degrades
both perceptual and distribution consistency, likely due to spatial misalignment
between semantic tokens and pixel features. In contrast, our patch-wise mod-
ulation consistently achieves the best FID and competitive LPIPS across both
datasets. By broadcasting semantic guidance to strictly aligned local patches, it
stabilizes global distribution statistics while preserving perceptual fidelity.

5 Conclusion

In this paper, we proposed D3F-IR, a novel visible-to-infrared translation frame-
work that explicitly decouples thermal semantic modeling and pixel-level spatial
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detail synthesis. We reformulated the translation process into two coordinated
continuous flows: a semantic-domain flow to capture macroscopic thermal distri-
butions, and a synchronized pixel-domain flow to maintain fine-grained spatial
structures. To seamlessly integrate these flows, we designed a Pixel-space Veloc-
ity Predictor with SEmantic-Aligned Modulation (SEAM) Layers, establishing
explicit patch-wise correspondence between the dual domains. Extensive experi-
ments demonstrated that our approach achieved state-of-the-art pixel-level spa-
tial fidelity with competitive thermal semantic plausibility, requiring a much
smaller model size than existing generative counterparts.
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