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Abstract. Most image colorization systems operate in Lab space by pre-
dicting chroma (ab) while preserving an input-derived luminance channel
(L). While effective on standard benchmarks, this fixed-luminance de-
sign restricts brightness changes and becomes unreliable when grayscale
formation deviates from natural-image luminance, as in historical or-
thochromatic photography. We propose a luminance-agnostic coloriza-
tion framework that formulates colorization as full-lRGB image editing
using a foundation image-editing model. To bridge modern panchromatic
and historical orthochromatic conditions, we introduce a mixed grayscale
objective that trains the model under both standard luminance grayscale
and a red-insensitive grayscale formation. Experiments on COCO, Ima-
geNet, and a multi-instance benchmark show that our method is compet-
itive on standard grayscale inputs and substantially more robust under
orthochromatic inputs, with qualitative comparisons and a human study
indicating fewer visible color artifacts.
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1 Introduction

The paradigm across modern approaches for image colorization follows a con-
sistent formulation: convert an RGB image to the Lab color space [8], preserve
the luminance channel L, and predict chrominance components ab conditioned
on that fixed luminance. This design reduces the learning problem to chroma
estimation while treating luminance as ground truth. While effective for recon-
struction benchmarks, this formulation imposes a strict and often overlooked
constraint: the model is mathematically incapable of altering brightness (Fig-
ure [1]). Because L is treated as immutable, the network can only produce colors
that are consistent with the original grayscale intensity. This restriction funda-
mentally limits creative recolorization. For example, mapping a dark grayscale
region to a vibrant yellow or red surface is physically infeasible under fixed-L
constraints, since bright colors require high luminance energy in RGB space (see
the d. Rose and e. Fire Ext. columns of Figure|3). Thus, current methods operate
under a constrained prediction regime rather than generative restoration.
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Grayscale | Baseli predict chroma ab Recombine to RGB
input luminance | I given L L unchanged

Since L is immutable, brightness is locked — in orthochromatic images, red regions stay dark.

Grayscale Our Model
‘ input luminance > given fixed L predicts full RGB H RUlRGE oUIpLL

Brightness changes wherever needed — in orthochromatic images, the brightness of red regions is lifted.

Fig.1: Comparison of the conventional colorization paradigm (top) with our
luminance-agnostic approach (bottom).

The issue becomes more severe when applied to historical photography. Early
orthochromatic film stock was insensitive to red wavelengths, producing grayscale
images whose luminance distribution does not correspond to human visual per-
ception. Modern colorization models, trained on panchromatic data and con-
ditioned on preserved luminance, inherit a structural domain mismatch. They
are forced to assign chroma to brightness values that were never perceptually
accurate, leading to suppressed reds. In this sense, current systems fail by de-
sign: when the input grayscale image is darker than it should be, the model is
incapable of brightening those regions (Figure |3)).

Most contemporary approaches that adapt pretrained text-to-image diffusion
models do so by changing the architecture to condition them on grayscale |2
5,27H29,/42]. While somewhat effective, these approaches inherit a fundamental
mismatch: text-to-image models are not pretrained for image-conditioned tasks.
As a result, significant architectural engineering is required to “force” grayscale
structure into a generative pipeline originally designed for synthesis from text
alone. Recent foundation models natively trained on image editing provide a
superior alternative for colorization without architectural hacking [24,25,37].

In this work, we propose a luminance-agnostic framework for image coloriza-
tion. Instead of predicting chroma conditioned on fixed L, we fine-tune a founda-
tion image-editing model to predict the full RGB output directly from grayscale
input—without luminance swapping. Our approach leverages the strong genera-
tive and editing prior of the FLUX.2-klein (4B) model. We choose FLUX.2-klein
because it supports high-quality few-step generation, reducing inference time to
a few seconds per image. Our key contributions are three-fold: (i) we identify
the fixed-luminance bottleneck in Lab-based colorization and show why it is
especially problematic for orthochromatic imagery; (ii) we propose a luminance-
agnostic colorization framework that formulates colorization as full-RGB image
editing using a foundation image-editing model; and (iii) we perform a compre-
hensive suite of experiments which show that the proposed method, while re-
maining competitive on standard grayscale inputs, is substantially more robust
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on orthochromatic inputs and also improves prompt-following behavior com-
pared to baselines.

2 Related Work

2.1 Image colorization

Among early CNN colorizers, CIC [43| framed colorization as classification
in quantized CIELAB to avoid desaturated outputs; InstColor [34] colorizes in-
stance crops with a fusion module (but can suffer from erroneous external priors
and color overflow); and DISCO [39] uses a coarse-to-fine, anchor-based scheme
to learn global affinities and reduce color ambiguity.

GAN-based colorization methods trade realism, speed, and cost: Chro-
maGAN [35] adopts a PatchGAN discriminator with a WGAN loss for realism,
HistoryNet [17] augments generation with classification/segmentation modules
and a large old-movie dataset, DeOldify [1]| speeds training via asynchronous gen-
erator/discriminator updates, ToVivid [38] uses pretrained BigGAN |3] for inver-
sion but suffers from inversion inaccuracies on grayscale inputs, and BigColor |20]
embeds BigGAN'’s [3| generator/discriminator into an encoder—generator model.
Time-Travel Rephotography [30] projects old portrait photographs into the man-
ifold of modern high-resolution face images using a StyleGAN2 prior, jointly per-
forming restoration, enhancement, and recolorization; notably, it also considers
different historical film types, including orthochromatic negatives, although it is
specialized to face portrait imagery.

Transformer-based colorization has advanced quickly: ColTran 23] pro-
posed a multi-stage transformer colorizer but suffers from limited CNN-like in-
ductive bias; ColorFormer [16] adds a global-local hybrid self-attention and a
color memory for efficient semantic—color mapping; ct2 [36] derives 313 mean-
ingful color tokens from color-space statistics and uses adaptive attention to
link them to luminance; DDColor [19] introduces learnable color tokens with
cross-attention fusion of grayscale and color features; and MultiColor [10] builds
on DDColor with a multi-branch design to better capture colors using different
color spaces.

Di [udion-based colorization from text-to-image backbones. Recent
work has adapted pretrained text-to-image diffusion models for colorization by
injecting grayscale structure into the generative process. Existing strategies in-
clude ControlNet-style conditioning branches [27H29,42], mid-layer feature injec-
tion through extended convolutional modules |5, and formulations that replace
the initial noise with grayscale image structure [40]. These methods demonstrate
that large diffusion priors can improve semantic colorization quality, but they
typically require additional architectural modifications to make text-to-image
models usable for image-conditioned restoration tasks.

2.2 Image context di[udion models

More recently, a new class of foundation generative models has been developed
specifically for image editing and in-context image generation. Examples include
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Qwen-Image [37], FLUX.1 Kontext [25], and FLUX.2-klein [24]. Such models
are trained to preserve and transform image content directly, making them a
more natural backbone for colorization than text-to-image models that must
be retrofitted with grayscale conditioning. Our method follows this direction
by formulating colorization as an image-editing problem rather than as chroma
prediction under a fixed luminance constraint.

3 Methodology

Our overall objective: A core contribution of our work is the Mixed Grayscale
Objective, designed to bridge the gap between modern digital intensity and
historical film sensitivity [41].

To this end, given a ground-truth colorful image I 2 with chan-
nels Ir, I, I, we generate two distinct types of grayscale conditioning images,
denoted as Igrqy-

For the Standard Mode, we simulate modern panchromatic film using
the standard luminance formulation, conditioned with the text prompt cpeyn =
“colorize” + Caption:

RII w 3
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For the Orthochromatic Mode, we simulate historical red-insensitive film
using a simplified approximation motivated by the fact that orthochromatic
materials are sensitive primarily to blue and green wavelengths and insensitive
to red [114[12L[21}/22]. To simulate orthochromatic images from modern-day color
images, we take inspiration from prior work on historical photo restoration that
explicitly models different negative film types [30]. We therefore exclude the red
channel and define

Ip+ 1

tho — 1B G
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conditioned with the text prompt cyrtho = “colorize ortho” + Caption. Here,

“colorize” acts as a trigger word for the action of colorization, while “ortho”
acts as a trigger word to notify the model that the input is an orthochromatic
image. During training, we encode the ground-truth target image into the latent
space using the frozen VAE, yielding the data latent z; = E(I). Because the
Flux architecture is based on Rectified Flow (a formulation of continuous-time
diffusion models), the forward process constructs noisy latents z; by linearly
interpolating between standard Gaussian noise zg N (0,I) and the target
latent z; over timestep t 2 [0,1]:

zz=tz1+ (1 1)z (3)

The DiT is trained to predict the vector field (velocity) vy that transports the
noise distribution to the data distribution. The network is conditioned on the
text embedding cregt 2 Tepan, Cortnod and the spatially concatenated grayscale
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image lgray 2 fl {23 ; Ié’,’;@" g. The generative di usion objective L is minimized
as follows:
L=E 252, kv (Zt;t;Crext ;lgray) (Z 1 Z O)kg 4)

By training on this objective, the model learns to interpret luminance values
di erently based on the provided text prompt. Instead of replacing the predicted
luminance with a constrained L channel during inference, the network maps the
conditional inputs directly to a full RGB representation. This allows it to lift
the brightness of dark regions in orthochromatic inputs where a standard L-
constrained model would otherwise fail.

Architecture and Training Con guration: We employ FLUX.2-klein-4B
as our foundational generative prior, leveraging its robust semantic understand-
ing for high- delity color synthesis. To maintain computational e ciency while
adapting the model to the colorization task, we utilize Low-Rank Adaptation
(LoRA) applied exclusively to the Diusion Transformer (DiT) blocks. Both
the VAE (Image Encoder/Decoder) and the Qwen3-4B Text Encoder remain
frozen throughout the process. Our LORA con guration utilizes a rank of 16 and
an alpha of 16, resulting in approximately 23.10 million trainable parameters,
representing a mere 0.5% of the total 4.3B parameter count.

Optimization and Training Procedure: The model was trained using
the AdamW optimizer with a constant learning rate of 1 10 * and a 100-
step warmup period. We utilize b oatl6 mixed-precision and enable gradient
checkpointing. Training was executed across a distributed setup of three NVIDIA
RTX 6000 Ada GPUs with an e ective batch size of 12. The model was trained
for 10 epochs on a subset of ImageNet from Kaggle [18], totaling 34,745 images.

4 Experiments

4.1 Datasets

To evaluate our proposed method across di erent visual domains, we utilize sub-
sets of three widely adopted benchmarks: ImageNet [33]: We sample the rst
5,000 images from the validation set. COCO |4]: We use the rst 5,000 images
from the test set. Multi-Instance [6]; The complete validation set, consisting

of 7,213 images. For ImageNet and COCO, we used BLIP2 [26] to generate cap-
tions, while for Multi-Instance, human-annotated captions were provided with
the dataset.

4.2 Evaluation Metrics

We evaluate on both perceptual realism and the statistical distribution of the
generated colors.

Perceptual Quality Metrics: We utilize the PyTorch Image Quality As-
sessment|[7] framework to compute the Fréchet Inception Distance (FID)|[14],
spatial FID (sFID) [9], and FID-DINO, which is the same as FID but uses
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DINOv2 [32] features instead of InceptionNet. These metrics measure the dis-
tributional shift between the synthesized and ground-truth images.

Chroma and Colorfulness Metrics: To evaluate both the perceptual vi-
brancy and the statistical distribution of the generated colors independent of
luminance, we de ne a uni ed set of metrics.

First, we quantify human-perceived vibrancy using the standard Colorfulness
metric [13] widely used in image colorization work, which is computed using the
mean () and standard deviation () of the opponent color spacesrg =R G
andyb=1(R+G) B:

q — — q — —
C= A+ §b+0:3 4t 32/1) (5)
For a dataset of N images, let 5; p and 4; p represent the mean and
standard deviation of the a and b color channels in the LAB color space for a
given image I:

Col-diverse (Chroma Diversity): Measures the amount of chromatic
variance generated within an image, calculated as the Euclidean combination
of the channel standard deviations:

. IR e ——
Col-diverse = N et bk (6)
k=1

Saturation (Mean LAB Chroma): Calculates the average per-pixel chroma
in the LAB space. Let a, and b, be the channel values for pixel p, and ji]
be the total number of pixels in image I:
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Colornet (Perceptual Colorfulness) [41]: While traditional metrics rely
on heuristic formulations in opponent color spaces, we also evaluate the percep-
tual vibrancy of our generated outputs using ColorNet. Developed by Zerman
et al., ColorNet is a Convolutional Neural Network (CNN) speci cally trained
on subjective human datasets to predict Mean Opinion Scores (MOS) of im-
age colorfulness. By leveraging deep feature representations rather than simple
statistical variances, this learned metric provides an assessment of chromatic
intensity that aligns with the human visual system.

Baselines: We use the following baselines: BigColor [20], COCO-LC [27],
DDColor [19], DISCO [39], and UniColor [15]. We use BLIP2 to generate captions
for both COCO-LC and our method on the ImageNet and COCO datasets, and
use the provided human-labeled captions for the Multi-Instance dataset. We
evaluate all baselines by converting each image to grayscale and feeding it into
the model. For the ortho setting we used P'° | while for the pan setting we

ray
used the standard grayscale formulation [z} .
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Fig. 2: Notice in the b. Baby images that for most methods (except ours), the color

and pattern from the bedsheets bleed into the hands. (Zoom-in for best view)
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