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Abstract

Purely RGB-based vision models often fail to provide reli-
able cues in challenging scenarios such as nighttime and
fog, leading to degraded performance and safety risks.
Infrared imaging captures heat-emitting sources and pro-
vides critical complementary information, but existing high-
fidelity fusion methods suffer from prohibitive latency, ren-
dering them impractical for real-time edge deployment. To
address this, we propose FusionProxy, a real-time image
fusion module designed as a fully independent, plug-and-
play component with diffusion level quality. FusionProxy
exploits two complementary statistics of a teacher sample
ensemble: per-pixel variance in raw image space, used to
weight pixel-level supervision, and per-pixel variance in-
side frozen foundation backbones, used to route feature-
level alignment spatially. Once trained, FusionProxy can be
directly integrated into any visual perception system with-
out joint optimization. Extensive experiments demonstrate
that our method achieves superior performance on static
recognition tasks and significantly enhances robustness in
dynamic tasks, including closed-loop autonomous driving.
Crucially, FusionProxy achieves real-time inference speeds
on diverse platforms, from high-end GPUs to commodity
hardware, providing a flexible and generalizable solution
for all-day perception. The source code will be available.

1. Introduction

Human visual perception, and most of the machine vision
we have built (e.g., autonomous vehicles and surveillance),
operates within the visible spectrum (i.e., RGB imaging),
which leaves both vulnerable in conditions of degraded illu-
mination such as nighttime, fog and glare. To compensate,
modern perception systems augment RGB cameras with ac-
tive sensors such as LiDAR, radar, and sonar, which emit
signals and measure their return. Active sensing provides
additional information about the surrounding scene for situ-
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ational awareness, but it has a fundamental scalability limi-
tation: emitted signals interfere with one another as the den-
sity of intelligent embodied agents scales up [18, 27]; cost,
power, and form-factor budgets per unit further restrict de-
ployment. A scalable substitute should therefore be passive,
drawing information from signals that already exist in the
environment rather than ones it generates [2].

Thermal infrared radiation is the natural candidate. Ev-
ery object above absolute zero emits thermal radiation,
making heat an omnipresent signal that requires no trans-
mission, no synchronization, and no coordination across
agents. Thermal infrared is also uniquely suited to inte-
gration with the existing visual stack. Unlike LiDAR’s
point clouds, radar’s range-Doppler maps, or event cam-
eras’ asynchronous spike streams, all of which demand new
processing pipelines, thermal cameras produce a 2D pixel
grid, the same format as an RGB image. Image fusion
[1, 44] is the natural mechanism that exploits this shared
format alignment, it aims to produce a single fused image
that combines the thermal information of infrared image I1g
with the structural and textural information of visible image
Iy1s [13, 38]. Because the output remains an RGB-format
image, it serves a dual role: machine-side, it is consumed
as a drop-in replacement for Iyig by any frozen RGB-
pretrained model, including detectors, segmenters, vision-
language models, and driving policies; human-side, it is di-
rectly viewable on the same displays, dashboards, and mon-
itors that already mediate human-RGB interaction. This
dual-use property is what makes image fusion the right in-
tegration mechanism for adding thermal awareness to the
existing RGB-based visual stack.

Despite this conceptual fit, no current image fusion
method makes the integration practical. The frontier of fu-
sion quality is occupied by diffusion-based methods such
as DDFM [43], Mask-DiFuser [25], Text-IF [35], and Con-
trolFusion [26], which produce visually faithful fusions
through iterative sampling. Iterative sampling, however,
places these methods at one frame every several seconds
on server-class GPUs. Although one-step diffusion [30]
minimizes inference steps, the distilled generator retains
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Figure 1. FusionProxy: a real-time, plug-and-play fusion module that adds thermal awareness to any frozen RGB-pretrained visual
system. Top: End-to-end closed-loop autonomous driving pipeline. Under degraded visibility (e.g., fog, glare, night), the unmodified
policy avoids collisions that would occur with RGB-only input, lifting closed-loop driving success. Bottom-left: Thermal infrared is a
passive sensing modality that scales without interference and reveals heat-emitting objects invisible to RGB under low light or scattered
illumination. Bottom-right: The fused output is consumable by any frozen downstream model such as detectors, segmenters.

the heavy architecture of original diffusion models, which
is incompatible with any real-time perception pipeline. At
the opposite end, real-time methods such as TarDAL [11]
sacrifice fusion quality substantially, falling well behind the
diffusion-quality fusions that motivate the integration in the
first place. We therefore ask: can we combine the fusion
quality of diffusion models with the inference speed re-
quired for commodity deployment?

We answer this question with FusionProxy, a plug-and-
play and real-time fusion module with respect to down-
stream perception models. On the one hand, we construct
a diffusion teacher ensemble by drawing multiple samples
from two complementary pre-trained diffusion fusion mod-
els per training image, yielding per-pixel sample statistics
in both image space and foundation feature space. On the
other hand, we introduce a dual-signal distillation loss that
turns these statistics into supervision: image-space variance
weights pixel-level matching against the ensemble mean,
while feature-space variance routes feature-level alignment
across a panel of frozen foundation backbones, so that each
region is supervised by the backbone locally most infor-
mative about it. Based on the above, we distil the ensem-
ble into a deterministic single-pass student whose architec-
ture is decoupled from the teacher’s denoising network, al-
lowing lightweight backbones to inherit diffusion-grade fu-
sion quality. Once trained, FusionProxy can be deployed

alongside an infrared sensor as a perception front-end, en-

abling immediate integration with downstream visual sys-

tems without requiring any retraining. Our contributions
are as follows:

* We propose FusionProxy, a plug-and-play fusion module
that distills a diffusion teacher into a lightweight student,
achieving diffusion-level fusion quality under strict real-
time constraints on commodity hardware.

* We introduce a dual-signal distillation framework in
which a single diffusion teacher ensemble simultaneously
drives uncertainty-weighted pixel supervision (via image-
space sample variance) and spatially-adaptive multi-
foundation alignment, with both signals derived from a
single set of cached teacher forward passes.

* We validate FusionProxy through extensive image fusion
benchmarks, plug-and-play deployment on frozen RGB-
pretrained detection and segmentation models, and an
end-to-end closed-loop autonomous driving pipeline.

2. Related Works

Image Fusion. Image Fusion aims to integrate com-
plementary information from different imaging modalities
into a single image [1, 4, 38, 44]. Autoencoder based
methods focus on the elaborated reconstruction and fusion
loss functions [5, 41, 42], while GAN-based image fusion
methods aim to contrast two discriminators for fused im-



ages and both source images[l1, 14]. Recently, a few
studies have explored incorporating diffusion models into
image[26, 34, 43] and introduced video fusion[5, 46]. How-
ever, existing approaches predominantly focus on static im-
age fusion or handle video fusion with prohibitively slow
inference, limiting their practical usability. In contrast, we
aim for real-time video fusion with plug-and-play deploy-
ment capability.

Diffusion Models. Recently, diffusion models have
achieved amazing performance across a broad range of
tasks, including image synthesis[39], video generation[17,
40], and image restoration[ 10, 37]. Moreover, recent efforts
on accelerating diffusion models through distillation[15,
23] have significantly improved their practicality. One-step
diffusion for image fusion model[30] reduces the number
of inference steps, but the distilled generator still inherits
the computationally heavy architecture, resulting in non-
negligible latency that hinders real-time deployment.

3. Methodology

3.1. Problem Formulation

Let ¢ = (I1r, Iyvis) € X denote an aligned infrared-visible
input pair, where Irg € R¥*W and Iyig € RTXWx3 A
pre-trained diffusion fusion model 7" defines a conditional
implicit distribution pr(y | x) over fused images y € ) C
RZXWX3 ' from which high-quality samples y7 ~ pr(y |
x) can be drawn via iterative denoising, at a cost prohibitive
for real-time deployment.

Our goal is to learn a lightweight, deterministic student
Sp : X — Y that approximates the teacher in a single for-
ward pass:

Q = Sg(l') ~ EprT(y\x)[y}' (1)

The expectation form encodes the deterministic-student re-
quirement: a single input must map to a single, stable out-
put, so that ¢ is consumable by frozen RGB-pretrained
downstream models F in place of Iy1g. We further require
Sp to run at r;; > 30 FPS on commodity hardware.

Direct optimization of Eq. (1) is infeasible: the expec-
tation has no closed form. We instead approximate it via
Monte Carlo by drawing {ygl)}ﬁle S pr(y | «) and mini-
mizing

6* = argmin E, £(Ss(2), {yp'})2). @

Section 3.2 instantiates the teacher and Section 3.3 develops
L.

3.2. Diffusion Teacher Ensemble

We instantiate the teacher in Eq. (2) as an ensemble drawn
from two pre-trained diffusion fusion models, addressing

the bias of any single teacher and providing the structured
statistics that drive our distillation loss in Sec. 3.3.

Dual teachers. The single-teacher formulation in Eq. (2) is
straightforwardly extended to multiple teachers by drawing
samples from each in turn. We use two diffusion teachers
with complementary training distributions. DDFM [43] is
a Bayesian conditional diffusion model trained directly on
IR-VIS pairs and provides domain-grounded thermal radi-
ation modeling. Mask-DiFuser [25] is a modality-agnostic
model trained on natural images via dual masked restora-
tion and provides broad image priors and texture fidelity.
Distilling from a single teacher would inherit that teacher’s
distributional bias; the two together cover complementary
failure modes.

Sampling protocol. For each input x = (I1g, Ivis) we
draw N DDIM samples [22] from each teacher, yielding
the ensemble

2N

yT(Z') = {yg“n)}nzp
where T'(n) € {DDFM, Mask-DiFuser} indexes the source
teacher of the n-th sample. We use N = 4 samples per

teacher throughout (ablation in Sec. 4.5).
Ensemble statistics. The pointwise ensemble mean

v~ pra(y | 2),  (3)

12

= (n)

yr(r) = 55 ) vr (@) 4)
2N n=1

serves as a low-variance Monte Carlo estimate of the

teacher expectation E, ., (1) [y] targeted in Eq. (1). The

per-pixel sample variance

o2 (z,p) = Var, [y (z,p)] (5)

quantifies the ambiguity of this estimate at pixel p: high
variance flags pixels where the teacher distribution is mul-
timodal in raw image space.

In addition to image-space statistics, we measure
the same ensemble inside frozen foundation backbones
{® 15 . Let @k(y(Tn))p denote the feature of @y, at spatial
location p for the n-th teacher sample. The per-backbone,
per-pixel feature variance is

(@, p) = Var, [B4(y),]. ©6)

This quantity captures how strongly backbone ®;, responds
to fusion ambiguity at pixel p, and serves as the routing sig-
nal for multi-foundation alignment in Sec. 3.3.

Caching. All teacher samples Y (z) and foundation fea-
tures {® k(y(T"))} are precomputed once per training image
and cached, since both teachers and foundation backbones
are frozen. Teacher inference and foundation extraction are
therefore one-time amortized costs and do not appear in the
per-iteration training budget.
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Figure 2. The FusionProxy framework. Dual diffusion teachers generate a sample ensemble whose mean and per-pixel variance drive
uncertainty-weighted pixel supervision. The student is aligned to a panel of frozen foundation models via spatially-adaptive weights

derived from per-backbone informativeness.

3.3. Dual-Signal Distillation Loss

The teacher ensemble defined in Sec. 3.2 provides a single
pseudo-target gy together with two complementary statis-
tics: the pixel-space variance 02 and the feature-space vari-
ance vg. We use the first to weight pixel-level supervision,
the second to route feature-level supervision across multi-
ple foundation backbones. Both signals are derived from
the same cached forward passes through the teachers and
incur no additional inference at training time.
Uncertainty-weighted pixel supervision. The pseudo-
target yp is reliable where the teacher ensemble agrees and
unreliable where it disagrees. Forcing the student to match
yr uniformly would commit it to teacher noise in high-
variance regions. We therefore weight pixel-level super-
vision by the inverse of the pixel-space variance o4 (x, p)
from Eq. (5):

1°

Lpix = priX($7p) : HSG(*T)p - gT(x)P}

(N
(e = MR+
PR >y 1/ (0% (x,p) +¢)’
where € = 1073 stabilizes the inverse and the weights

are normalized over the spatial domain €2 so that
>, Wpix(z,p) = 1. Pixels where the teacher ensemble is
internally consistent contribute proportionally more gradi-
ent; pixels where it is multimodal contribute less.

Spatially-adaptive multi-foundation alignment. Compat-
ibility with downstream RGB-pretrained models (Sec. 3.1)
requires that Sp(z) remain consistent with the teacher en-
semble in the feature spaces those models use. Since these
feature spaces are heterogeneous, we align the student to a
panel of K frozen foundation backbones {®;}%_,: VGG-
16 [21], DINOv2 [16], CLIP [20], and SAM image en-
coder [8]. All foundation features are bilinearly resampled
to a common spatial grid €2 and rescaled per-channel to unit

variance: (i>k = &y, /64, with 64, the channel-wise standard
deviation of &, over the training set.

A uniform sum across {®,} is dominated by whichever
backbone has the largest local response, and ignores that
different backbones are informative in different regions:
SAM near object boundaries, CLIP in semantically rich re-
gions, VGG in textured areas, DINOv2 in mid-level struc-
tural regions. We therefore weight each backbone’s con-
tribution at each pixel by its local informativeness, mea-
sured as its feature variance across teacher samples. To pre-
vent backbones with globally larger feature variance from
dominating, we normalize each backbone’s variance by its
training-set mean before computing routing weights:

) __ uw@p)
ok(z,p) = By [Or(2)] + € ®)
Wi(z,p) = exp Uk (x,p)/7)

> exp (O (x,p)/7)’

where T (2') ﬁ >, vk(z’,p) is the spatial mean of
v on image z’, and 7 is a temperature controlling rout-
ing sharpness. Setting 7 — 0 assigns each pixel to its
single most informative backbone; 7 — oco recovers uni-
form weighting. We use 7 = 1.0 throughout. The align-
ment target in foundation feature space is computed as the
mean of features extracted from individual teacher samples,
which preserves high-frequency feature responses that are
smoothed out by averaging in pixel space:

B 12N .
Fulw)y = 537 2 vy (@), ©)
n=1

The multi-foundation alignment loss is then

1 & - _
Len = g D0 D Wil ) [(So(a))p—File)y
k=1peQ
(10)



Structural consistency. Pixel and feature losses against
the ensemble mean yr are vulnerable to over-smoothing,
since yr averages out high-frequency details that vary
across teacher samples. We add a structural term based on
SSIM [29], which is computed over local windows and is
invariant to such averaging in its low-order statistics:

Losim = 1 —SSIM(Sp(x), yr(z)). (1)

Total objective. The full training loss is a weighted sum of
the three terms:

L = ApixLpix + AMFMEMFM + AssimLssim-  (12)

We use Apix = 1.0, Avrm = 0.5, Agsim = 0.2 through-
out. Only Sy is updated during training; teachers, founda-
tion backbones, and all cached statistics are frozen. At in-
ference time, only Sy runs; teachers, foundation backbones,
and the cached statistics are not invoked.

3.4. Student Architecture

The student Sy must satisfy the real-time constraint speci-
fied in Sec. 3.1, while retaining receptive field large enough
to capture cross-modal context between I1r and Iyig, a
property standard mobile CNNss lack at this parameter scale.
We adopt a ConvNeXt V2 [31] dual-encoder U-Net as the
default student: two depthwise-separable encoders process
I1g and Iy1s independently with 7 x 7 depthwise convolu-
tions and Global Response Normalization (GRN), and a U-
Net decoder produces ¢ at full resolution. Encoder features
at each scale are merged through a residual fusion head:

Fout = Attn(Fcat)QFcat + FIR + FVIS7 (13)

where F.., = [FIr; Fyvis], Attn(-) is a sigmoid channel
attention, and the additive paths preserve direct modality
contributions without the zero-sum constraint of softmax
fusion. The framework is not tied to this backbone; we ver-
ify in Sec. 4.5 that it remains effective across mobile-CNN,
mobile-Transformer, and ultra-lightweight alternatives.

3.5. Robustness to Sensor Misalignment

Real-world IR and visible sensors are rarely perfectly co-
registered: small inter-sensor offsets, baseline parallax, and
lens distortion mismatch produce sub-pixel to several-pixel
misalignment in deployment. A fusion module trained on
perfectly aligned pairs will degrade on such inputs. We ad-
dress this with a training-time intervention that adds zero
inference cost.

Misalignment injection. During training, we apply a ran-
dom affine perturbation 7 to Itr before passing it to Sy,
while supervising against the teacher ensemble Y com-
puted on the unperturbed pair:

So(T(Ir), Ivis) «— yr(lr, Ivis), (14)

where 7 samples translation At € [—10, 10] px and rota-
tion § € [—2°,2°]. The teacher ensemble is always com-
puted on aligned inputs and remains cacheable; only the
student’s input is perturbed, forcing Sy to implicitly com-
pensate for misalignment when reconstructing the aligned
fusion target. At inference, no perturbation is applied and
no parameters or latency are added to Sp.

4. Experiments

4.1. Setup

Training. We train on MSRS [24] with teacher samples
generated offline by Mask-DiFuser [25] and DDFM [43].
We use N = 4 DDIM samples per teacher per training
image (8 total). The student is trained from scratch for
160 epochs on a single H100 with batch size 8 at resolu-
tion 256 x 256. Loss weights are Apix = 1.0, Ayrm =
0.5, Assim = 0.2, selected on a held-out validation split.
We benchmark across two deployment tiers: (i) Server
(A100/H100, used only for training and teacher inference;
not in latency tables); (ii) Commodity hardware (RTX 4070
desktop GPU, RTX 3060 desktop GPU, Apple M3 laptop).
Foundation panel. ®; € {VGG-16 [21], DINOv2-ViT-
B/14 [16], CLIP-ViT-L/14 [20], SAM-ViT-B image en-
coder [8]}. All four are frozen and used only at training
time. We extract features at one mid-block per backbone,
upsample to a common 64 x 64 grid, and apply training-set
normalization Gy,.

4.2. Fusion Quality

We compare against representative IVIF methods span-
ning diffusion (DDFM [43], Mask-DiFuser [25], Con-
trolFusion [26], Text-IF [35]), one-step diffusion (RFfu-
sion [30]), AE-based (CDDFuse [42], FILM [45]), GAN-
based (TarDAL [11]), and unified methods (U2Fusion [33],
SegMIF [12]). Following the requirements in Sec. 3.1, we
prioritize learning-based IQA metrics (MUSIQ[7], CLIP-
IQA[28], DeQA[36]), which correlate with perceptual qual-
ity, and downstream-task metrics (mAP, mIoU), which di-
rectly reflect plug-and-play compatibility. Traditional fu-
sion metrics (EN, MI, SF, Qq4¢)[13] are reported alongside
in Table 1 for completeness. Methods are partitioned by in-
ference latency (Table 1). FusionProxy is the only method
to reach > 30 FPS while remaining within 0.5 mIoU of the
best non-real-time baseline (65.4 vs. 65.9 of Mask-DiFuser,
which is ~103x slower) and achieving the second-best
learned-IQA scores in the entire table after ControlFusion
(which runs at 0.9 FPS).

4.3. Plug-and-Play Deployment

Main results in Table | establish that FusionProxy’s fused
output is competitive with diffusion teachers on frozen
downstream metrics. Here we isolate the plug-and-play
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Figure 3. Qualitative comparison of image fusion results with state-of-the-art methods.

claim itself: does inserting FusionProxy into a frozen per-
ception stack actually improve downstream behavior? We
answer this at two levels of integration. (i) Perception-
level: we feed the unmodified visible image Iyig ver-
sus the fused output Syp(z) to frozen YOLOV8 [6] (detec-
tion on M3FD [11]) and SegFormer-B2 [32] (segmenta-
tion on MSRS), with no fine-tuning of either model. (ii)
System-level: we run a frozen RGB-pretrained CILRS
driving policy in CARLA [3] as shown in Figure 4 un-
der degraded visibility (dense fog and night-glare scenar-
ios in unseen Town02), with FusionProxy inserted be-
tween the IR/VIS sensors and the policy without modifying
any component of the existing autonomous driving stack.
The simulated thermal modality in CARLA is a semantic-
segmentation-derived approximation rather than physically
calibrated infrared (real-world generalization is established
by the M3FD/MSRS results in row (i), which use authentic
IR-VIS sensor data.

The lift is consistent across both integration levels. At
the perception level, swapping Iyis for Sp(z) improves
frozen YOLOV8 by +17.0 mAP and frozen SegFormer-
B2 by +16.3 mloU. At the system level, the same swap
raises closed-loop driving success from 52.4% to 86.5% on
CARLA scenarios designed to stress visible-only percep-
tion. In both cases the downstream models receive no mod-
ification, no fine-tuning, and no signal that fusion has oc-

curred—the only change is the source of the RGB-format
input. This is the direct empirical signature of plug-and-
play deployment: thermal awareness is added by a swap at
the input layer alone.

4.4. Real-Time Inference on Commodity Hardware

A core requirement of FusionProxy is real-time inference
outside server-tier hardware: prior IVIF methods either ig-
nore inference latency entirely or report only desktop/server
numbers, leaving the deployability question unanswered.
We measure end-to-end latency on three commodity plat-
forms spanning desktop GPU and mobile chip deployments.
Table 3 reports latency at two common perception resolu-
tions.

To our knowledge, no prior diffusion-derived fusion
method has reported real-time throughput on consumer-
grade desktop GPU or mobile-chip hardware. The RTX
3060 result (~48 FPS at 480 x 640) and Apple M3 result
(~38 FPS at 480 x 640) directly establish that FusionProxy
can be deployed in commodity perception stacks without
specialized accelerator hardware.

4.5. Ablation Study

We ablate three axes of the FusionProxy design: (i) the
teacher ensemble (Block A), (ii) the dual-signal supervision
(Block B), and (iii) the student backbone (Block C). Within



Table 1. Main comparison on MSRS, partitioned by latency tier (FP32, RTX 4070). FusionProxy uniquely combines diffusion-grade
quality, plug-and-play compatibility with frozen RGB-pretrained models (YOLOVS, SegFormer-B2), and real-time inference. Red : best

within tier.

Dataset: MSRS Learning-based IQA

Traditional Metrics Frozen Downstream

Method

FPST MUSIQ} CLIP-IQAT DeQAt ENt

MIt  SFt  Quy T mAPT  mloUt

Tier 1 - Very High Latency (diffusion sampling, (x): requiring orders of magnitude more inference time, <1 FPS)

DDFM [43] * 38.16 0.32 2.07 638 12.21 4.87 0.13 71.5 62.5
Mask-DiFuser [25] * 32.72 0.46 2.56 7.75 1239 1320 017 772 65.9
Tier 2 — High Latency (<10 FPS)

RFfusion [30] 0.35 42.81 0.31 2.20 6.96 11.04  8.80 047 682 56.2
Text-1F [35] 0.85 43.46 0.44 2.25 622 12.19 646 0.16 745 63.8
ControlFusion [26] 090 51.72 0.32 243 645 1182 11.39 034 759 65.1
CDDFuse [42] 1.14 4481 0.42 2.23 628 12.14 10.89 041 74.8 64.3
SegMIF [12] 1.18 39.09 0.27 2.46 579 11.68  7.90 0.23 70.1 59.5
FILM [45] 2.13 36.20 0.32 2.03 6.34 1214 717 0.18 724 62.9
U2Fusion [33] 250 3549 0.44 2.09 5.88 1035 831 0.28  69.8 61.7
Tier 3 — Medium Latency (10-30 FPS, workstation-only)

TarDAL [11] 16.11 25.44 0.21 1.62 6.16 693 6.40 0.12 658 58.3
Tier 4 — Real-time (>30 FPS, commodity-deployable)

Ours (FusionProxy) 32.16 48.22 0.37 2.38 6.57 7.64 9.33 032  76.5 65.4

Table 2. Plug-and-play lift over RGB-only input. All downstream models (YOLOVS, SegFormer-B2, CILRS) use unmodified pretrained

weights; only the input image source changes between rows.

Perception (M3FD/MSRS)  Closed-loop driving (CARLA)
Input to frozen model Det. mAP1  Seg. mloUT  Successt Collision| Lane Infr.|
Ivis (RGB-only) 58.2 49.1 52.4 32.0 4.82
So(x) (Ours) 75.2 65.4 86.5 35 0.74
A (lift from fusion) +17.0 +16.3 +34.1 —28.5 —4.08

Table 3. Inference latency on commodity hardware (FP16 Py-
Torch, median over 1000 runs). FusionProxy reaches >30 FPS
at 480 x 640 on RTX 3060 and Apple M3.

Platform Resolution

480 x 640
768 x 1024

480 x 640
768 x 1024

480 x 640
768 x 1024

ms|

11.91
19.32

20.95
68.11

26.40
82.50

FPST

83.98
51.75

47.7
14.7

37.8
12.1

RTX 4070

RTX 3060

Apple M3

each block, the remaining components are held at the de-
fault FusionProxy configuration (dual teacher, full dual-
signal supervision, ConvNeXt V2-based student); rows (c),
(h), and (1) thus correspond to the same default setup viewed

from different ablation axes.

Block A: teacher ensemble. Increasing the sample bud-
get from N=1 to N=4 on a single teacher (a)—(b) lifts
MUSIQ by +3.8 and mloU by +2.3, indicating that en-
semble averaging suppresses sample-specific teacher noise.
Adding a complementary teacher with the same total bud-
get (b)—(c) yields a further +1.7 MUSIQ and +1.6 mloU,
showing that teacher diversity matters even when sample
count is held fixed.

Block B: dual-signal supervision. The largest single
jump in the entire ablation comes from multi-foundation
alignment over VGG-only perceptual loss ((d)—(h): +5.7
MUSIQ, +4.4 mloU), confirming that plug-and-play com-
patibility with heterogeneous frozen models requires align-
ment across multiple foundation feature spaces. Within
multi-foundation variants, spatially-adaptive routing out-
performs uniform weighting ((e)—(h): +2.5 MUSIQ) and
learned global weights ((f)—(h): +1.3 MUSIQ), confirm-



Table 4. Ablation across teacher ensemble, supervision design, and student backbone. Within each block, all other components are held at
the default FusionProxy configuration; rows (c), (h), and (1) correspond to the same default setup. Red : best in block.

ID  Variant 4070 FPST MUSIQT DeQA?T Det. mAPT Seg. mloU?

Block A: Teacher ensemble (default backbone, default supervision)

(a) Single teacher (Mask-DiFuser), N=1
(b) Single teacher, N=4 ensemble mean
(c) Dual teacher (M-D + DDFM), N=4 each

84 42.7 2.10 72.0 61.5
84 46.5 2.28 74.1 63.8
84 48.2 2.38 75.2 65.4

Block B: Dual-signal supervision (default backbone, dual teacher)

(d) VGG-only perceptual loss

(e) Multi-FM, uniform weighting

(f) Multi-FM, learned global weights

(g) w/o uncertainty weighting (uniform pixel weights)
(h) Full dual-signal (Eq. 8)

84 42.5 2.09 71.8 61.0
84 457 221 735 63.2
84 46.9 2.30 74.4 64.3
84 47.0 231 74.5 64.6
84 482 2.38 75.2 65.4

Block C: Student backbone (dual teacher, full dual-signal supervision)

(i) Ultra-light (custom CNN)

(j) EfficientFormer V2-S1 (mobile-Transformer)
(k) MobileNetV4-Conv-M (mobile-CNN)

(1) ConvNeXt V2-based (default)

198 415 1.78 63.1 51.6
101 46.8 2.32 73.8 63.9
122 46.1 2.28 72.5 62.7
84 482 2.38 75.2 65.4

Spd: 0.0km/h | Dist: 5.4m

Infrared (IR)

Spd: 19.7kmy/h | Dist: 4.2m

Figure 4. Closed-loop autonomous driving in CARLA: visual examples of degraded-visibility scenarios where FusionProxy (left) reveals
pedestrians/vehicles missed by RGB-only (right), enabling correct steering decisions by the frozen CILRS policy.

ing that the most informative backbone genuinely varies
across image regions. Uncertainty weighting (g) vs. (h)
provides a smaller but consistent improvement, validating
pixel-space sample variance as a supervision signal.

Block C: student backbone. We instantiate Fusion-
Proxy with three lighter alternatives spanning the mo-
bile design space: an ultra-lightweight custom CNN,
MobileNetV4-Conv-M [19] representing the mobile-CNN
family, and EfficientFormer V2-S1 [9] representing the
mobile-Transformer family. The two mobile-class back-
bones (rows (j) and (k)) reach within 2.7 mloU of the de-
fault ConvNeXt V2-based student while running 1.2-1.5x
faster on the same hardware—both still well above the
> 30 FPS real-time threshold while preserving over 95%
of the default’s segmentation performance.

5. Conclusion

We present FusionProxy, a plug-and-play, real-time fu-
sion module that distills a diffusion teacher ensemble into
a deterministic single-pass student. Experiments across
image fusion benchmarks, frozen RGB-pretrained percep-
tion models, and a closed-loop autonomous driving pipeline
confirm that FusionProxy delivers diffusion-grade quality in
real time on commodity hardware.

Limitations. FusionProxy decouples the student archi-
tecture from the teacher’s denoising network, which en-
ables lightweight backbones to inherit diffusion-grade fu-
sion quality at real-time speeds. The trade-off is that the
student does not retain the teachers’ generative diversity: a
single input deterministically maps to a single output, so ap-
plications requiring multiple plausible fusions would need
to revisit this design choice.
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