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Abstract. Real-world image super-resolution (SR) aims to recover high-
resolution images from low-resolution inputs degraded by unknown blur,
noise, compression, and sensor processes. One-step diffusion SR meth-
ods reduce sampling cost, but their generated details may still introduce
chrominance drift. We address this issue from two complementary di-
rections. First, we propose CCDiT, a one-step Diffusion Transformer
SR framework that adapts Qwen-Image-Edit-2509 through LoRA fine-
tuning from a bicubic reference image. Second, we introduce Alpha Mask
fusion, a lightweight plug-and-play chrominance correction module that
preserves restored luminance and adaptively mixes CbCr channels from
the SR output and the bicubic reference image. On RealSR, CCDiT ob-
tains the best LPIPS, DISTS, FID, PSNR, and Mean AF2000 among
the compared methods. On DRealSR, it obtains the best LPIPS, FID,
PSNR, and Mean AFE2000; on DIV2K-Val, it obtains the best LPIPS,
PSNR, and Mean AE2000. Applied after the default AdaIN color align-
ment of OSEDiff and TVT, the same Alpha Mask checkpoint further
reduces Mean AE2000 on RealSR without modifying either backbone.
These results support Alpha Mask fusion as a reusable local chrominance
refinement module for existing diffusion SR pipelines.

Keywords: Image super-resolution - Diffusion Transformer - Color con-
sistency - One-step diffusion

1 Introduction

Image super-resolution reconstructs high-resolution detail from limited evidence
[4,18,26]. Real-world inputs additionally mix unknown blur, noise, compres-
sion, and sensor artifacts, so pixel fidelity alone cannot ensure natural restora-
tion. Diffusion priors synthesize realistic texture [11,19,24,26,29,31] beyond many
CNN/GAN approaches [18,32,33,41], but iterative denoising is costly. OSEDIff,
TSD-SR, and ODTSR reduce inference to one step [7,9,37]; their generated detail
can nevertheless shift input chrominance.
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Such drift matters in recognition, food analysis, and other color-sensitive
settings [5,21,28]. Prior diffusion SR work notes color shift [20], yet efficient
methods emphasize speed, quality, or control rather than a reusable correction
module. We therefore propose CCDiT, which LoRA-adapts Qwen-Image-Edit-
2509 [36] for one-step SR from a bicubic reference, and Alpha Mask fusion, which
locally mixes SR /reference chrominance without changing the backbone.

The main contributions of this paper are summarized as follows:

— We identify chrominance drift as a remaining failure mode in one-step dif-
fusion SR and propose Alpha Mask fusion as a lightweight plug-and-play
correction module.

— We instantiate the framework as CCDiT by adapting Qwen-Image-Edit-
2509 into a one-step Diffusion Transformer SR backbone through LoRA fine-
tuning from a bicubic reference image.

— We evaluate CCDiT on RealSR, DRealSR, and DIV2K-Val, and further ap-
ply Alpha Mask fusion to OSEDiff and TVT outputs to verify cross-backbone
color-control behavior.

2 Related Work

2.1 Real-World and Diffusion SR

Real-world SR must jointly handle blur, noise, compression, and sensor arti-
facts that bicubic degradation cannot reproduce [2,32,35]. RealSR and DRealSR
therefore use real camera pairs to test restoration beyond synthetic settings
[2,35]. Diffusion priors improve texture synthesis [11,24,29]; StableSR, SUPIR,
DiT4SR, and DiffBIR exploit them for real-world restoration [8,19,31,41], but
iterative sampling is expensive.

2.2 Efficient Diffusion Transformers

Efficient diffusion SR methods use direct prediction, LoRA adaptation, distilla-
tion, VAE transfer, or one-step Diffusion Transformers [7,9,30,36,37,40]. Diffu-
sion Transformers provide scalable alternatives to UNets [3,22,25], while LoRA
learns low-rank updates to frozen pretrained weights [13].

Our one-step SR formulation is inspired by ODTSR [9]. ODTSR adapts
Qwen-Image through a Noise-hybrid Visual Stream and fidelity-aware adver-
sarial training. We instead adapt Qwen-Image-Edit-2509 [36] and retain its pre-
trained semantic and appearance conditioning pathways. The bicubic reference is
jointly encoded with the restoration prompt by Qwen2.5-VL and separately en-
coded into reference latents by the VAE. Our first-stage adaptation uses latent
reconstruction and perceptual supervision. We further introduce Alpha Mask
fusion for spatially adaptive chrominance correction while preserving restored
luminance.



2.3 Color Consistency and Chrominance Fusion

RGB correction couples brightness, structure, and color, whereas YCbCr sepa-
rates luminance from chrominance [23]. We therefore preserve restored Y and
learn where to select CbCr from the SR output or bicubic reference. Inspired
by spatial alpha blending [38], Alpha Mask Net predicts chrominance reliability
rather than a foreground matte. It needs only an SR output and its bicubic
reference and is thus applicable to different one-step backbones.

3 Method

3.1 Method Overview

CCDIT separates one-step detail restoration from color anchoring. As shown
in Figs. 1 and 2, a LoRA-adapted Qwen-Image-Edit-2509 backbone restores
structure and texture, while Alpha Mask Net performs YCbCr chrominance
fusion and can also post-process other SR backbones.

Given a high-resolution image Iy r, we first generate the low-resolution input
IR through an online degradation process D(:), and then obtain a reference
image I,..¢ with the same resolution as the target using bicubic interpolation:

ILR = D(IHR), Iref = BiCUbiC(ILR). (1)

Stage 1 maps I,.f to an SR output I, in one denoising step. With that
backbone frozen, Stage 2 predicts a spatial map that mixes CbCr from I, and
I.cr while retaining the restored luminance, yielding 1.

Stage 1 restores structure and texture, whereas Stage 2 estimates the reli-
ability of two available chrominance sources. Freezing the backbone fixes the
distribution that supplies I, and makes fusion modular across direct CCDIiT,
AdalN-aligned CCDiT, and external SR outputs.

3.2 One-Step Diffusion Transformer Super-Resolution

CCDIT starts from the bicubic latent rather than pure noise, retaining input
structure while predicting missing detail. With VAE encoder E, decoder D,
multimodal condition ¢, and the FlowMatch noise level oy, the one-step path is

th:E(IHR)a Zref:E(Iref)»
ze = (1 — 04)zres + 0ve, e ~N(0,1), (2)
vg = vg(21, Zref, G, t), zg =2 —owe, Iy = D(z,).

Following ODTSR [9], we select the discrete scheduler timestep ¢ = 750 with
one_step_t_index=250 in the descending 1000-step schedule. Here, o; is the
FlowMatch noise level associated with that timestep, and vy is the predicted
flow velocity. The condition c is obtained by jointly encoding I,..; and the BLIP-
derived restoration prompt with Qwen2.5-VL; prompt generation is described in
Section 4.1.
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Fig. 1. Stage 1: LoRA adaptation of Qwen-Image-Edit-2509 for one-step SR from a
bicubic reference.

Because z; retains the low-frequency geometry and approximate color of Iy,
the one-step update can focus on missing high-frequency content. The clean refer-
ence latent z,.¢ supplies the native editing condition: its tokens are concatenated
with the noisy restoration tokens inside the Transformer. A noised copy of zy¢f
initializes the restoration state z;. The predicted velocity moves the current state
directly to z4 at zero noise level, requiring one Diffusion Transformer evaluation
without intermediate sampling.

We insert LoRA adapters into the query, key, value, and output projections
of the attention blocks and into the image/text MLP and modulation projections
[13]. The VAE and original transformer weights remain frozen, limiting train-
able memory while preserving the broad image prior learned by Qwen-Image-
Edit-2509. The adapters consequently learn the restoration-specific velocity field
without replacing the generative prior or changing the latent representation used
by the pretrained model.

LoRA adapts the pretrained editing backbone without introducing an addi-
tional SR-specific control stream.

3.3 First-Stage Training Objective
Stage 1 combines latent reconstruction and AlexNet-LPIPS supervision [42]:

£stagel = )\zﬁlatent + Apﬁperc;

(3)
»Clatent = qu - th”%a »Cperc = LPIPSalez(D(Zq)a D(th))v

with A, =X, =1.0.



Latent supervision stabilizes the one-step update before decoding. LPIPS pe-
nalizes perceptually important discrepancies in decoded images. Together, they
discourage weak texture from latent-only fitting and structural deviation from
perceptual-only supervision.

3.4 Plug-and-Play Adaptive Chrominance Fusion

Alpha Mask fusion uses I,.r as a conditional color anchor without accessing
backbone internals. YCbCr fusion preserves restored luminance and avoids the
structural blur caused by direct RGB blending, while a learned map avoids the
rigidity of full CbCr replacement [23]. AdaIN and Alpha Mask are complemen-
tary: AdalN performs global color alignment, whereas Alpha Mask locally refines
chrominance without altering luminance. We optionally apply AdalN before Al-
pha Mask fusion:

12} = AdaIN(I,, Irey),

I 1,, direct CCDiT output, (4)
Ry ;‘, with AdaIN pre-alignment.

Default CCDiT uses I; = I,. The AdaIN-based CCDiT variants and the official
OSEDIff and TVT pipelines use I, = I;‘ [14,37,40]. Fusion is

(Ys, Cbs, Crs) = YCbCr(L;), (Y, Cbr,Cry) =YCbCr(Iyey),
o= My(F) € 0,17V, Y-,
Cb; = a® Cbs + (1 —a) ® Cby, (5)
Cry=a®Crg+(1—-a)oCr,
I; = RGB(Y;, Cby, Cry).

Large « trusts SR chrominance; small a anchors it to the reference.

AdaIN and Alpha Mask are complementary. AdaIN aligns global channel
means and variances but applies the same transformation over the entire image.
It cannot express that a smooth region should inherit reference chrominance
while a reconstructed edge should retain SR chrominance. Alpha Mask makes
this decision locally between the two available CbCr candidates. Because Yy =
Ys, the second operation preserves the luminance detail of either the direct or
AdalN-aligned SR output. The improvement of AdaIN + Alpha Mask in Table 2
empirically supports this compatibility rather than treating the two operations
as substitutes.

The bicubic reference is a color anchor rather than an absolute target, be-
cause interpolation and degradation can make it locally unreliable. Fixed CbCr
replacement assumes uniform reliability and can suppress useful color detail.
The learned coefficient instead transitions continuously between both sources
and retains SR chrominance where it better matches the target.

This distinction also explains why the mask is predicted from both candidates
rather than only from the reference. A reference-only predictor could detect edges
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Fig. 2. Stage 2: training Alpha Mask Net with the SR backbone frozen.

or flat regions but could not determine whether the SR output agrees with them.
The absolute RGB difference exposes this disagreement directly, while Yy helps
the network avoid treating luminance contrast as a chrominance error. The mask
can consequently vary across materials, boundaries, and smooth regions without
changing restored luminance.

3.5 Alpha Mask Net

Alpha Mask Net predicts chrominance-source reliability from the candidate im-
ages, their disagreement, and SR luminance:

F = Concat(Is, Ief, | Is — Ireg|, Ys)- (6)

The three RGB groups in F' describe both candidates and their absolute discrep-
ancy, while Y provides a structural cue. The resulting 10-channel tensor passes
through four 3 x 3 convolutions, 10 — 32 — 32 — 32 — 1, with ReLU after the
first three and Sigmoid after the last. The convolutional stack expands the local
receptive field while retaining pixel alignment, and the final Sigmoid constrains
the fusion coefficient without test-time clipping. A shallow network is sufficient
because it estimates source reliability rather than generating texture or inferring
new semantics. Its FP32 parameters occupy 0.08 MiB, and it adds no diffusion
step; runtime and memory are reported in Table 5.



3.6 Second-Stage Training Objective

With the SR backbone frozen, Stage 2 optimizes only ¢ using five losses:
£mask: = )\c‘cchroma + )\TLTgb + )\tvﬁtv + )\vcvar + Ao‘Coracle- (7>

The objective combines direct image supervision with constraints on the spa-
tial mask. Leproma targets the quantity that the module is designed to change,
whereas L,q, verifies that chrominance correction improves the reconstructed
RGB image rather than only an intermediate color space. The remaining terms
regulate the geometry of the solution and provide a training-time target for
an otherwise underdetermined mixing coefficient. The direct reconstruction and
mask regularizers are

Lechroma = ”be - Cbgtlll + ||C7‘f - CrgtHlv
Lrgy = Iy —Iurl1, L =|Veali +[[Vyalh, (8)
Lyar = max(0,v — Var(a)).

L4, suppresses isolated pixel-to-pixel oscillation that could create chroma speckle
around smooth regions. In contrast, £,,, prevents the opposite degeneracy: a
nearly constant mask that reduces the adaptive module to global blending. The
hinge form applies a penalty only when spatial variance falls below v, so masks
that already exhibit sufficient spatial adaptation are not encouraged to become
unnecessarily extreme.

Let gc,7c, ge denote CbCr from I, Iyc¢, Igr. A least-squares target directly
supervises mixing:

((ge = 7c) © (e — 7)) zC
((qC_TC)2)2C+6 ’0’1

> ) Eoracle = Ha*aora,cle”la

(9)
where (-) ¢ sums over CbCr. We use « € [0,1] and v = 0.020. The weights are
Ae = 2.0, A, = 0.05, Ay, = 0.01, A\, = 0.02, and A, = 0.10. Component-wise
effects appear in Table 4; fusion behavior appears in Tables 2 and 3.

The oracle coefficient is available only during training because it uses g..
For every pixel, it projects the target chrominance onto the line segment be-
tween the SR and reference candidates and clamps the least-squares solution
to the feasible interval. £,,4c1e therefore teaches the network a source-selection
rule without requiring an externally annotated mask. At test time, Iggr and
Ooracle are discarded; M, predicts a directly from the ten-channel feature ten-
sor. The larger chroma weight reflects the module’s specific purpose, while the
lower RGB, smoothness, variance, and oracle weights act as complementary con-
straints rather than competing reconstruction objectives.

Qoracle = Clamp(

3.7 Inference Pipeline

At inference, BLIP captions the LR image, and bicubic upsampling produces
Irer. Qwen2.5-VL jointly encodes the reference and prompt into ¢, while the



VAE supplies zp.f. Its clean form conditions restoration, and its noised copy
initializes the one-step update. One Transformer evaluation, VAE decode, and
mask forward pass produce the output. For an external backbone, Alpha Mask
requires only its output and I,.y, optionally after AdaIN; no hidden features or
backbone modification are needed.

4 Experiments

4.1 Experimental Settings

We evaluate backbone quality, color strategies, cross-model transfer, the five
losses, and mask overhead. CCDiT is trained on LSDIR [17] with an online
4x degradation pipeline following OSEDIiff and Real-ESRGAN [32,37]. The first
stage samples mixed blur kernels, resizing, Gaussian or Poisson noise, and JPEG
compression. The optional second stage repeats blur, resizing, and noise, then
randomizes JPEG compression and final sinc filtering. Sampling these combina-
tions online exposes the model to a broader degradation distribution than a fixed
precomputed LR set. Bicubic upsampling is applied only after the final degra-
dation, producing I,y at the target resolution while retaining the LR image’s
low-frequency content.

For both training and inference, BLIP captions the LR image on CPU us-
ing Salesforce/blip-image-captioning-large [16]. We append “high-quality
photo restoration, clearer and sharper details, increase resolution, preserve fine
textures.” The LR-derived caption supplies scene semantics without using the
HR target, while the suffix specifies the restoration direction. Running BLIP
on CPU leaves accelerator memory available to the Diffusion Transformer and
keeps the conditioning procedure identical when ground truth is unavailable at
test time.

Stage 1 runs for one epoch on six NVIDIA RTX PRO 6000 Blackwell Max-Q
GPUs (about one day), with learning rate 5x 10~°, LoRA rank 16, accumulation
3, gradient checkpointing, and checkpoints every 4000 steps. Stage 2 freezes the
SR model and trains the 32-channel mask network for one epoch on two GPUs
(about one day), with learning rate 2 x 10~%, accumulation 4, and checkpoints
every 10000 steps.

For transfer, OSEDiff and TVT retain the AdaIN alignment enabled by their
official pipelines [37,40]. The same Stage-2 checkpoint, trained only on CCDiT
outputs, is applied without backbone-specific adaptation or backbone modifica-
tion. This tests direct compatibility rather than each model’s best attainable
result; model-specific mask adaptation remains future work.

4.2 Evaluation Metrics

We report PSNR and SSIM [12,34], LPIPS and DISTS [6,42], MUSIQ and
MANIQA [15,39], and FID [10]. Output—ground-truth Mean AE2000 measures
color difference [27]; lower is better. Following standard SR evaluation, Table 1
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Fig. 3. Qualitative comparison on RealSR and DRealSR.

uses Y-channel PSNR/SSIM, whereas the three color-focused tables use RGB
values. These forms are not directly comparable, while AFE2000 is defined iden-
tically in all four quality-comparison tables.

4.3 Comparison with Existing Methods

Table 1 tests how CCDiT performs with one-step inference. We compare CCDiT
with one-step methods and multi-step diffusion restoration methods on RealSR,
DRealSR, and DIV2K-Val [1].

With one step, CCDiT gives the best LPIPS, PSNR, and Mean AE£2000 on
all three datasets; it also leads DISTS and FID on RealSR and FID on DRealSR.
ODTSR remains better on several DIV2K perceptual /distribution metrics, so no
method dominates every criterion. CCDiT nevertheless compares favorably with
both one-step competitors and 40-50-step SUPIR/DiT4SR. On RealSR, CCDiT
improves PSNR-Y over TVT by 0.49 dB and reduces Mean AE2000 by 0.1545.

On DRealSR, CCDiT achieves LPIPS 0.2290, FID 104.45, PSNR-Y 28.66,
and Mean AF2000 4.4190, while TVT retains the highest SSIM-Y. On DIV2K-
Val, CCDiT ranks second in FID and SSIM-Y; ODTSR leads DISTS, MANIQA,
and FID, whereas TSD-SR achieves the highest MUSIQ. These differences in-
dicate dataset-dependent trade-offs between reconstruction, color fidelity, and
perceptual quality.

4.4 Color Fusion and Loss Ablations with Cross-Model
Generalization

Tables 2 and 3 evaluate color correction on RealSR. In Table 2, all correction
variants start from CCDiT without Alpha Mask; default CCDiT includes the



Table 1. Comparison on three benchmarks. Bold /underline: best/second best.

Dataset Method Step(s) LPIPS| DISTS, MUSIQt MANIQAtT FID, PSNRt SSIM{ Mean AE2000
OSEDiff 1 0.2921  0.2128  69.09 0.6326 12349 25.15 0.7341 5.1556
PiSA-SR 1 0.2672  0.2044  70.15 0.6560  124.09 25.50 0.7417 4.9202
TSD-SR 1 0.2743  0.2104  71.19 0.6347  114.45 24.81 0.7172 5.2863
RealSR TVT 1 0.2597 0.2061  69.89 0.6232  109.90 25.81 0.7596 4.7171
SUPIR (CFG=4.0) 50  0.3541 0.2488  62.09 0.5780  130.38 23.65 0.6620 5.2089
DiT4SR (CFG=8.0) 40  0.3215 0.2251  67.76 0.6564 11855 23.50 0.6657 6.0262
ODTSR (f=1.0) 1 0.2398 0.1894  68.29 0.6622  101.49 25.07 0.7361 4.9832
CCDIT 1 0.1918 0.1768  64.98 0.6305  79.69 26.30 0.7553 4.5626
OSEDift 1 0.2968 0.2165  64.65 0.5895 13529 27.92 0.7835 4.8380
PiSA-SR 1 0.2060 0.2169  66.11 0.6146  130.48 28.32 0.7804 4.6880
TSD-SR 1 0.2966  0.2136  66.61 0.5850  135.32 27.77 0.7559 4.9653
bRealsk ~ TVT 1 0.2899  0.2205  65.56 0.5776  134.28 28.27 0.7899 4.6469
SUPIR (CFG=4.0) 50  0.4243 0.2795  58.79 0.5471  169.48 25.09  0.6460 5.4355
DiT4SR (CFG=8.0) 40  0.3869 0.2508  65.75 0.6287  163.05 25.40 0.6657 5.9711
ODTSR (f=1.0) 1 0.2592 0.1926  62.86 0.6227  119.86 28.14 0.7736 4.6903
CCDIT 1 0.2290 0.1977  61.46 0.6037  104.45 28.66 0.7764 4.4190
OSEDiff 1 0.2042  0.1975  67.96 0.6147  26.34 2372 0.6109 6.3291
PiSA-SR 1 0.2823 0.1934  69.68 0.6401  25.09 23.87 0.6058 6.1938
TSD-SR 1 0.2673 0.1821  71.69 0.6226 2329  23.02 0.5808 6.8515
bIvar.val TVT 1 0.2773  0.1860  68.67 0.6060  24.78  24.23 0.6292 5.9634
SUPIR (CFG=4.0) 50  0.3919 0.2312  63.86 0.5903  31.40  22.13  0.5259 6.6931
DiT4SR (CFG=8.0) 40  0.3448 0.2100  68.07 0.6430  30.57 21.78 0.5485 7.8203
ODTSR (f=1.0) 1 0.2761 0.1700  67.94 0.6438  21.47 2392 0.6108 5.9247
CCDIT 1 0.2515 0.1943  64.57 0.6213  22.56 24.56 0.6178 5.4659

Table 2. Color correction on CCDIiT outputs without Alpha Mask (RealSR). De-
fault CCDiT includes Alpha Mask. Correction steps are applied from left to right.
Bold/underline: best/second best; ties follow displayed precision.

Method LPIPS] DISTS| MUSIQt MANIQAt FID|, PSNR-RGBtT SSIM-RGBT Mean AFE2000 |
CCDIiT w/o Alpha Mask 0.1926  0.1777 64.96 0.6323 79.80 24.79 0.7233 4.6296
CCDiT w/o Alpha Mask

+ Fixed CbCr 0.2076 0.1758 63.86 0.6236 92.99 24.64 0.7138 4.7790
CCDIT (with Alpha Mask) 0.1918 0.1768 64.98 0.6305 79.69 24.81 0.7233 4.5626
CCDiT w/o Alpha Mask

+ AdalIN 0.1918  0.1770 64.99 0.6301 80.76 25.73 0.7259 4.1688
CCDIT w/o Alpha Mask

{ Wavelet 0.1934  0.1783 64.83 0.6285 80.35 25.29 0.7237 4.3828
CCDIT w/o Alpha Mask

+ AdaIN + Alpha Mask 0.1915 0.1768 64.97 0.6280 80.66 25.74 0.7261 4.1307
CCDIiT w/o Alpha Mask

+ AdaIN + AdalN 0.1919  0.1770 64.99 0.6301 80.76 25.73 0.7259 4.1688
CCDiT w/o Alpha Mask

+ AdalN + Wavelet 0.1925 0.1771 64.65 0.6274 80.87 25.73 0.7273 4.1874

mask. The second block applies AdaIN followed by the indicated correction.
Table 3 tests the shared mask on OSEDiff and TVT without backbone changes.

In Table 2, fixed CbCr replacement degrades LPIPS, PSNR-RGB, SSIM-
RGB, and Mean AFE2000 relative to no mask, confirming that spatial adapta-
tion matters. The learned CCDiT mask improves LPIPS, PSNR-RGB, and Mean
AFE2000 while preserving the best FID of 79.69. Applying AdaIN to CCDiT with-
out Alpha Mask reaches PSNR-RGB 25.73 and Mean AFE2000 4.1688; applying
Alpha Mask afterward further improves them to 25.74 and 4.1307. Sequential
AdalN and Wavelet correction of the same backbone output instead leads SSIM-
RGB, so the evidence supports complementary global and local correction with-
out universal dominance.

The shared checkpoint in Table 3 lowers Mean AE2000 from 5.1556 to 4.9010
for OSEDIff and from 4.7171 to 4.5687 for TVT after official AdaIN alignment.
For OSEDiff, it also improves LPIPS, DISTS, MUSIQ, PSNR-RGB, and SSIM-



Table 3. Transfer on RealSR after each backbone’s official AdaIN. One shared mask
checkpoint is used; bold marks the better result per backbone.

Backbone Method LPIPS| DISTS| MUSIQt MANIQAT FID| PSNR-RGBt SSIM-RGBt Mean AE2000 |

OSEDIff AdaIN 0.2921  0.2128 69.09 0.6326 123.49 23.59 0.6833 5.1556
AdalN + Alpha Mask 0.2888 0.2104 69.25 0.6274 129.16 23.63 0.6851 4.9010

T™VT AdaIN 0.2597 0.2061 69.89 0.6232 109.90 24.25 0.7179 4.7171
AdaIN + Alpha Mask 0.2609 0.2012 70.01 0.6210 116.61 24.28 0.7173 4.5687

Table 4. Five-loss ablation on RealSR. Bold/underline: best/second best; ties follow
displayed precision.

Setting LPIPS| DISTS| MUSIQt MANIQAtT FID| PSNR-RGBt SSIM-RGBT Mean AE2000 |
Full (all five losses) 0.1918 0.1768 64.98 0.6305 79.69 24.8092 0.7233 4.5626
w/0o Lyar 0.1924  0.1770 64.99 0.6311 79.63 24.8048 0.7234 4.5762
w/0 Loracte 0.1928  0.1771 64.96 0.6313 79.60 24.8031 0.7235 4.5832
w/o Lty 0.1924 0.1765 65.02 0.6310 79.57 24.8040 0.7232 4.5633
w/0o Lygp 0.1922  0.1767 65.01 0.6308 79.58 24.8074 0.7233 4.5634
Ww/0 Lehroma 0.1922  0.1769 64.99 0.6308 79.64 24.8052 0.7234 4.5679

RGB; for TVT, it improves DISTS, MUSIQ, and PSNR-RGB. Other metrics
decline slightly, indicating color-oriented rather than uniform quality enhance-
ment. Because the mask was not adapted to either backbone, backbone-specific
fine-tuning may help but remains untested.

In Table 4, the full objective achieves the best LPIPS (0.1918), highest PSNR-
RGB (24.8092), and lowest Mean AFE2000 (4.5626). The w/o-TV variant leads
DISTS, MUSIQ, and FID, but slightly reduces PSNR-RGB and increases color
error; w/o Oracle leads MANIQA and SSIM-RGB. Full is therefore selected
as the most balanced configuration for the method’s reconstruction and color-
fidelity objectives while retaining competitive perceptual quality.

4.5 Discussion

The experiments reveal a fidelity—perception trade-off rather than a universally
dominant setting. Alpha Mask changes only chrominance, so gains in PSNR-
RGB and AFE2000 need not improve every perceptual metric. Transfer after
AdalN further demonstrates compatibility with different output distributions.
However, the module can only interpolate colors present in the SR output or
reference, and the shared checkpoint has not been adapted to backbone-specific
artifacts. Model-specific training and repeated-run uncertainty therefore remain
important future evaluations.

The examples in Fig. 4 qualitatively show CCDiT color preservation and
reduced OSEDIff tone drift after Alpha Mask fusion; they are not a benchmark.

4.6 Computational Efficiency

On an RTX PRO 6000, we time the complete fusion path for one 512 x 512
pair (batch 1) over 20 synchronized CUDA-event trials after 10 warm-ups. We
include feature construction, Mask Net, Sigmoid, color conversion, and fusion,
but exclude I/0, resize, transfer, and the SR backbone.



OSEDIFF OSEDIFF_MASK

Fig. 4. Non-benchmark examples. Red boxes mark crops; the images support visual
inspection only.

Table 5. Alpha Mask microbenchmark on RTX PRO 6000 (batch 1); memory uses
MiB.

Resolution Avg. latency (ms) Min-Max (ms) Std. (ms) Equiv. FPS Param. memory (MiB) Peak allocated (MiB) Extra peak (MiB)
512 x 512 2.2704 2.1821-3.6680  0.3212 440.46 0.08 87.18 81.10

Table 5 is a module microbenchmark, not end-to-end CCDiT or cross-device
latency.

5 Conclusion

We presented CCDiT, which adapts Qwen-Image-Edit-2509 for one-step super-
resolution, and Alpha Mask fusion for adaptive chrominance correction with
restored luminance preserved. The correction module requires no additional
iterative diffusion sampling steps. The mask predicts spatially varying fusion
weights from the restored output and bicubic reference, allowing local chromi-
nance refinement while keeping the SR backbone fixed. Experiments on Re-
alSR, DRealSR, and DIV2K-Val support its reconstruction and color-fidelity
performance. The ablations further support spatially adaptive fusion over fixed
CbCr replacement on CCDIT outputs. A shared Alpha Mask checkpoint also
improves color consistency after the official AdaIN alignment of OSEDiff and
TVT without backbone modification. These results support combining global
AdaIN alignment with local Alpha Mask refinement, while showing that im-
proved color fidelity does not uniformly improve perceptual metrics. Its effec-
tiveness depends on reference-color reliability, and backbone-specific adaptation
and broader cross-dataset evaluation remain future work.
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