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Abstract. Text-to-image diffusion models excel at generating images from nat-
ural language prompts, yet fail to interpret numerical colors such as hex codes
(#FF5733) and RGB values (rgb(255,87,51)). This limitation stems from
subword tokenization, which fragments color codes into semantically meaning-
less tokens that text encoders cannot map to coherent color representations. We
present NumColor, that enables precise numerical color control across multi-
ple diffusion architectures. NumColor comprises two components: a Color To-
ken Aggregator that detects color specifications regardless of tokenization, and
a ColorBook containing 6,707 learnable embeddings that map colors to embed-
ding space of text encoder in perceptually uniform CIE Lab space. We introduce
two auxiliary losses, directional alignment and interpolation consistency, to en-
force geometric correspondence between Lab and embedding spaces, enabling
smooth color interpolation. To train the ColorBook, we construct NumColor-
Data, a synthetic dataset of 500K rendered images with unambiguous color-to-
pixel correspondence, eliminating the annotation ambiguity inherent in photo-
graphic datasets. Although trained solely on FLUX, NumColor transfers zero-
shot to SD3, SD3.5, PixArt-α, and PixArt-Σ without model-specific adaptation.
NumColor improves numerical color accuracy by 4–9× across five models, while
simultaneously improving color harmony scores by 10–30× on GenColorBench
benchmark. The code is available at https://github.com/moatifbutt/numcolor/.
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1 Introduction

Diffusion models have transformed text-to-image (T2I) generation, achieving remark-
able visual fidelity. However, achieving precise color control remains a challenge. Al-
though models reliably respond to basic colors (e.g., red, green) [3], their performance
degrades for precise color description. The degradation is severe when conditioned on
numeric color codes (e.g., ■ #E34234 in hexadecimal) [5]. As these codes are stan-
dard for communicating color in professional design software (such as Adobe Suite,
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Blender, etc.), this limitation restricts the applicability of these models in advertising,
brand-driven content creation, where strict color fidelity is required.

In Fig. 1 (bottom-left), we show failure cases in generation conditioned on nu-
meric color codes for several models, including FLUX and SD3. Recent benchmark
of T2I models [5] confirms these findings, reporting accuracy below 15% on tasks in-
volving numeric color specifications. This stems from how standard text encoders i.e.,
CLIP [45] and T5 [46] tokenize these inputs [40]: rather than treating as color instruc-
tion, they are fragmented into separate tokens (e.g., ■ #FF5733 becomes #, FF, 57,
33), which not only lack color representation in embedding space, but also disrupt
cross-attention. As shown in Fig. 1 (top-left), each sub-token attends to arbitrary image
regions rather than target object, breaking color-object binding during generation. This
is further supported by our embedding geometry analysis in Fig. 1 (right) across five
text encoders. While color names preserve strong consistency with ground-truth color
space, both RGB and hexadecimal codes exhibit an approximate 60% degradation.

Beyond tokenization, the problem is further exacerbated by limited exposure to
numerical color descriptions in training data of T2I models. Image captions in large-
scale text–image datasets predominantly describe colors using color names (e.g., “red,”
“solferino”), while explicit numerical color codes are rarely used. To address the lack
of training data for numeric color supervision, we introduce NumColor-Data, a large-
scale dataset which contains 500,000 rendered images of diverse objects spanning a
wide range of specified colors. Each image provides unambiguous color-to-pixel corre-
spondence, eliminating lighting and material ambiguities inherent in existing datasets.

We propose NumColor that enables precise numeric color generation in T2I diffu-
sion models. While prior work such as ColorPeel [6] has explored color prompt learn-
ing, it is limited to a small set of color names and requires retraining for each new color.
NumColor instead addresses the problem by proposing a new color encoder and a code-
book that allow models to understand precise color specifications. More in detail, we
address tokenizer fragmentation by introducing a tokenizer-agnostic Color Token Ag-
gregator that identifies numeric color spans independent of underlying text encoder.
The detected colors are then mapped to text embedding space via a Color-based code-
book, that we term ColorBook: a set of learnable embeddings grounded in perceptually
uniform CIE Lab color space, injected directly into the text encoder to enable proper
color-object binding during generation. In summary, our main contributions are:

– NumColor. A framework for precise numerical color conditioning in T2I models.
It introduces a tokenizer-agnostic Color Token Aggregator that operates indepen-
dently of the tokenization scheme (e.g., CLIP or T5), with ColorBook, a learnable
codebook that maps colors in the sRGB gamut to the text embedding space.

– NumColor-Data. The first large-scale dataset of objects with precisely numerical
color descriptions. It contains over 500K images and covers the sRGB gamut, en-
abling clean supervision for numerical color conditioning.

– Results. We evaluate NumColor on 9.8K prompts spanning 400+ colors from Gen-
ColorBench [5]. Our method achieves 4–9× improvement in color accuracy and
10–30× improvement in color harmony across FLUX.1, SD3, SD3.5, PixArt-α,
and PixArt-Σ. The ColorBook, trained solely on FLUX.1, transfers zero-shot to
SD3, SD3.5, PixArt-α, and PixArt-Σ without any model-specific adaptation.
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Fig. 1: Lack of Numeric Color Understanding. Left: Text encoders fragment hex codes into
arbitrary subwords that attend to unrelated image regions, leading to incorrect color generation.
Right: CKA [31] and neighborhood consistency (k=8) between text embeddings and Lab space
show that color names preserve perceptual structure, while hex codes and RGB values degrade
by ∼ 60%. NumColor recovers the structure comparable to color names.

2 Related Work

2.1 Text-based Image Generation and Editing

With the rapid evolution of generative AI, remarkable advancements have been achieved
in T2I generation and editing. In particular, T2I diffusion models [23, 26] emerged as
an effective paradigms, outperforming GANs [22], VAEs [30], autoregressive [18], and
normalizing flows [14, 15] in T2I generation. Diffusion models are probabilistic gen-
erative frameworks that learn underlying data distributions through iterative denoising,
starting from Gaussian noise. To enhance controllability, these models can be condi-
tioned on various signals, including class labels [53], images [38], or text prompts [41].
With recent scaling of diffusion models, state-of-the-art T2I models such as SD3 [17]
and FLUX [33] have significantly outperformed their predecessors [8, 10, 47].

Diffusion models lack inherent support for text-guided image manipulation. P2P [25]
pioneered controllable editing by aligning spatial layouts with text prompts via cross-
attention, +InstructPix2Pix [4] extended this through instruction tuning to enable text-
guided manipulation. Image inversion is further driven by optimized text embeddings
by Imagic [28] to align the original appearance of the image with target semantic
concepts, and Inversion-Free editing process [60] reformulated denoising process into
multi-step framework to achieve stable inversion. Recently, Flow Matching [35, 36] is
integrated with transformers [42] and FLUX [33] further enhanced image fidelity. De-
spite notable advances, diffusion-based editing methods remain constrained by limited
precise color control. These models typically treat color as a stylistic attribute rather
than spatially localized feature which motivates our work to develop a unified diffusion
framework that integrates semantic localization and chromatic precision at token level.

2.2 Diffusion-based Color Control

With the rapid advancements in generative models [47, 48, 50], a variety of text-guided
image editing approaches have been developed to enable controllable image modifica-
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tions [24,38,39]. Meanwhile, unified models [12,58] integrate such editing capabilities
through large-scale pretraining on massive paired datasets. Another technical stream
for achieving controllable generation is transfer learning applied to text-to-image (T2I)
models [32, 49], which is also termed T2I model adaptation or personalized gener-
ation. This paradigm aims to adapt a pretrained T2I model to a new concept using
user-provided images, binding the new concept to a unique token. Consequently, the
adapted model can generate diverse renditions of the new concept under the guidance
of text prompts. These adaptation methods can be categorized based on whether they
fine-tune the entire T2I model [32,49] or freeze the T2I backbone while only optimizing
auxiliary components [16,20,56,61]. However, all these existing techniques struggle to
achieve fine-grained control over color attributes in both image editing and generation
tasks. To date, only a limited number of works have begun to address precise color
generation [27, 43, 44, 54]. For instance, Rich-Text [21] enhances color fidelity through
multi-pass processing with global and local diffusion models, but this comes at the cost
of high computational overhead and compromised color accuracy. In contrast, Color-
Peel [6] introduces color prompt learning to improve the alignment between generated
colors and user inputs. Nevertheless, this method requires extensive training and is con-
strained to handling only a small number of color names per training session.

Moreover, this problem persists in newer models. Recent work [5] shows that state-
of-the-art methods fail to reach even 10% accuracy on numeric colors. We address this
gap with NumColor to enable precise numerical color control in T2I diffusion models.

3 Method

Given a text prompt containing a numeric color, our goal is to address two compound-
ing failures: (i) tokenizer fragmentation, which prevents color codes from being treated
as coherent semantic units, and (ii) the alignment gap between numerical color repre-
sentations and the text encoder embedding space, leaving unified tokens perceptually
ungrounded. To this end, we propose NumColor (Figure 2), a two-stage framework con-
sisting of a Color Token Aggregator that resolves fragmentation in a tokenizer-robust
manner, and ColorBook, which bridges the alignment gap by mapping numeric colors
into the text embedding space through the perceptually uniform CIE Lab color space.

3.1 Preliminary

Diffusion Transformers. T2I diffusion models have evolved from U-Net based archi-
tectures to diffusion transformers which offer improved scalability and generation qual-
ity. Recent T2I models such as SD3 and Flux adopt this transformer based approach as
a backbone. These models operate in VAE latent space, and learn to reverse a diffusion
process that gradually adds noise to the images. Given a noisy latent zt at timestep t, the
DiT is trained to predict the added noise (or velocity), enabling iterative denoising at in-
ference. Modern DiTs employ rectified flow [17], which learns straight-line trajectories
between noise and data distributions, allowing for efficient few-step generation.
Text Conditioning. T2I diffusion transformers condition image generation on embed-
dings from pretrained text encoders, typically CLIP [45] and T5 [46]. CLIP, trained



NumColor 5

Baseline DiT Training ColorBook Inference

a #FF0000 car Latent

CLIP T5

MLP

Modulation

Attention

Feed-forward

DiT

a #FF0000 car

T5

MLP

Modulation

Attention

Feed-forward

DiT

ColorBook

Directional Loss

Interpolation Loss

Latent

CLIP CTA

Training CTA

a #FF0000 car

Character Embedding

1D CNN Layers

Linear → Softmax

CTA

0 B I I I 0I0 I 0

BIO Tags

Cross Entropy

Contextualized 
Embedding

a #FF0000 car

MLP

Diffusion Transformer (DiT)

ColorBook

CLIP CTA

Latent

T5

Generated Image Flow Matching Loss Generated Image

Fig. 2: Method overview. (a) Baseline: CLIP and T5 encode text; DiT generates images via
iterative denoising. (b) Color Token Aggregator: A character-level sequence labeler unifies frag-
mented color tokens using linear classifier, trained with cross-entropy on numeric color text
prompts. (c) ColorBook Training: Unified color tokens receive learned embeddings before T5
contextualization. The ColorBook (6,707 Lab anchors) is trained with flow matching loss on
NumColor-Data, with directional and interpolation losses to preserve Lab geometry. Only Color-
Book embeddings receive gradients; CLIP, T5, and DiT remain frozen.

through contrastive image-text alignment, provides semantically rich embeddings suited
for visual concepts, while T5 offers better linguistic understanding for complex prompts.
Current T2I models combine both to improve text conditioning. For instance, SD3 and
SD3.5 employ CLIP-G and CLIP-L for pooled embeddings alongside T5-XXL, FLUX
uses CLIP with T5-XXL, whereas PixArt uses T5 alone for text conditioning.

3.2 Color Token Aggregator

As demonstrated in Figure 1, subword tokenization fragments numerical color specifi-
cations into arbitrary tokens that lack color semantics. The first challenge is identifying
color tokens independent of how tokenizers fragment them. We introduce the Color
Token Aggregator (CTA), a lightweight character-level module inspired by sequence
labeling that detects numeric color specifications and unifies their fragments into sin-
gle, semantically coherent tokens, regardless of the underlying vocabulary. Given the
token string from the tokenizer, each token is converted to a fixed-length character se-
quence (max 32 characters), embedded via a character embedding layer (dc = 64), and
processed by parallel 1D convolutions with kernel sizes {2, 3, 4} to capture patterns
at multiple scales. The convolution outputs pass through ReLU activations and max
pooling, then concatenated to form a 256-dimensional token representation. A 4-layer
transformer encoder with 4 attention heads contextualizes these representations across
the token sequence. Finally, a linear classifier produces per-token emission scores for
the three {B, I, O} (which represents Beginning, Inside, and Outside) tags:

si = Whi + b, si ∈ R3 (1)

where hi ∈ Rd is the contextualized representation of the i−th token from the trans-
former encoder, W is the projection matrix, and the output dimensions correspond to
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tag scores for {B, I, O}. A CRF layer [34] models tag transition dependencies, ensur-
ing valid (Beginning, Inside, Outside) sequences. Training minimizes the negative log-
likelihood under CRF. We curate 50K base prompts from DiffusionDB [57] containing
color name mentions, and replace color names with hex codes or RGB tuples. These
prompts are tokenized across four text encoders (T5, CLIP-L/G, GPT-2), totaling 200K
training samples. At inference, Viterbi decoding [52] extracts optimal tag sequences, as
color specifications are parsed into Lab coordinates for our ColorBook lookup.

3.3 ColorBook

The CTA identifies numeric color fragmentation and unifies into a single color to-
ken, however these text tokens remain outside the learned vocabulary of the pretrained
text encoder, since no pretrained embedding exists for the tokens like ■ #E34234
or rgb(255,87,51). A naive approach to enable precise color control would be to
learn a dedicated embedding for each color. However, the RGB color space contains
over 16.7 million distinct values (2563), making it infeasible to learn individual embed-
dings for every color. Even when transformed to CIE Lab space using standard sRGB
transfer functions [19], the sRGB gamut occupies a non-convex shaped region that re-
mains prohibitively large for the embedding coverage. Learning this amount of color
tokens directly would require prohibitive memory and training data.
ColorBook construction. We draw inspiration from vector quantization methods in
generative modeling, where compact codebooks enable efficient representation of the
high-dimensional space. In VQ-VAE [55], a discrete codebook bridges encoder and
decoder for image reconstruction. We repurpose this principle for color representation
by constructing a codebook over color space itself, mapping perceptual color anchors
to text encoder embeddings. Specifically, we define a codebook E ∈ RK×d of anchor
colors in the perceptually uniform CIE Lab space, which we refer to as ColorBook.
We choose Lab over RGB because Euclidean distance in Lab correlates with perceived
color difference, whereas RGB lacks this property. We uniformly sample Lab space at
5-unit intervals within sRGB gamut boundaries, yielding K = 6,707 anchor colors.
This approach results in a reduction of over three orders of magnitude from naive per-
color embeddings while preserving perceptual uniformity. Each anchor ak ∈ R3 maps
to a learnable embedding ek ∈ Rd, with d = 4096 to match T5 hidden dimensions.
Embedding initialization. Training embeddings from random initialization requires
jointly learning perceptual color organization and alignment with the representation
space of text encoder, which is a challenging optimization. Prior work demonstrates
that pretrained initialization accelerates convergence, particularly with limited training
data. We leverage this by initializing anchor embeddings from T5-XXL’s color vocab-
ulary, but rather than using individual color names (e.g., red, scarlet), which introduce
linguistic biases, we use ISCC-NBS color category centroids [29] that is a standard
system of 267 perceptually-defined categories. For each category, we compute its LAB
centroid, find the nearest anchor, and initialize its embedding from the T5 encoding of
the category name; remaining anchors are initialized via distance-weighted interpola-
tion from initialized neighbors. To handle continuous colors with a discrete ColorBook,
we employ soft interpolation where for a query color c ∈ R3, we retrieve the k = 8
nearest anchors Nk(c) and compute a weighted combination:
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ϕ(c) =
∑

aj∈Nk(c)

wj · ej , wj =
exp(−∥c− aj∥2/τ)∑

ai∈Nk(c)
exp(−∥c− ai∥2/τ)

(2)

where τ controls interpolation sharpness. We set τ = 2.0, balancing sharp color as-
signment (τ → 0) against overly diffuse interpolation (τ → ∞). This enables smooth
transitions across the color gamut while maintaining only 6,707 learnable embeddings.

Color embedding injection. Modern T2I diffusion models employ several text encod-
ing strategies. Simpler architectures like PixArt use T5 only, while FLUX and SD3
combine T5 with CLIP-L/G encoders serving complementary roles: CLIP provides
pooled embeddings summarizing entire prompt for global timestep conditioning, while
T5 provides token-level sequence embeddings capturing fine-grained textual features.
Since CLIP lacks per-token granularity, sequence embeddings of T5 become natural
injection target. However, the precise injection point critically determines color-object
association. Post-hoc replacement inserts color embeddings after T5 has contextualized
the sequence, bypassing self-attention and preventing the model from binding colors to
objects. We instead inject before transformer layers, replacing corresponding token em-
beddings with ϕ(c), then process the modified sequence. This pre-contextualization in-
jection enables bidirectional attention between color and object tokens (e.g., #FF5733
↔ car), facilitating color-object association during generation (Figure 7).

3.4 Dataset Curation

Training a ColorBook requires image-text prompt pairs where the specified color ex-
actly matches the rendered appearance of the objects. Existing large-scale datasets fail
this requirement. For instance, Butt et. al [5] show that LAION [51] captions rarely
specify precise colors, and when they do, the photographed objects exhibit specular
highlights, subsurface scattering, ambient occlusion, and environmental color casts that
confound the mapping between prompt color and pixel color. A model trained on such
data may perform well on coarse basic color generation, however, it would remain chal-
lenging to disentangle color specification from material and lighting effects.

To address this shortcoming, we construct NumColor-Data, a synthetic dataset pro-
viding unambiguous color supervision, as shown in Figure 3. We source 100 3D meshes
from the Objaverse-XL [11] dataset. These meshes cover broad categories of objects,
including furniture, vehicles, and items of daily use. Further, we collect 34 indoor and
outdoor scenes from BlenderKit [1], and the HDRIs from [2] to create a diverse dataset.
Each mesh is assigned a uniform Lambertian material with albedo set to a target Lab
color. We render using Blender Cycles under the D65 illuminant with controlled inten-
sity to ensure accurate color reproduction. The prompt templates are listed in the sup-
plementary material. The final dataset comprises 500K images. For each object-scene
pair, we sample the colors from the 6,707 Lab anchors, ensuring coverage throughout
the color space. We use a 90/10 train/validation split stratified by objects. The rendered
albedo exactly matches the prompt specification, providing direct supervision for learn-
ing the ColorBook without confounding material properties or lighting.
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Fig. 3: NumColor-Data generation pipeline. We render 3D meshes from Objaverse-XL in di-
verse indoor and outdoor scenes. Each object is assigned a uniform Lambertian material with
albedo set to the target Lab color. We use object-centered camera estimation and multi-orientation
lighting to ensure diverse viewpoints. The dataset comprises 500K images spanning varied ob-
jects, scenes, and colors from ColorBook anchors. Caption generation—rendered images are
paired with descriptive captions, validated by human experts, and converted to template prompts.

3.5 Training Objective

Learning color embeddings requires both accurate numeric color token unification and
alignment between the learned embedding space and color structure. We achieve these
objectives through a two-stage training.
Stage 1. We train the CTA aggregator on 200K text prompts (see Section 3.2 for details)
to identify numeric color tokens from tokenized strings. The encoder is trained on 200K
synthetic text prompts using negative log-likelihood under the CRF:

LCTA = − logP (y∗|p), (3)

where p is the tokenizer prompt string, and y∗ is the ground-truth encoded sequence
of the prompt. The CRF layer enforces valid tag transitions (such as, I cannot follow
O) which improves the sequence coherence over independent token classification. The
results, shown in the Table S3 in the supplementary, show that CTA generalizes well to
the GenColorBench and LAION-2B text prompts.
Stage 2. We freeze the CTA aggregator, and we train the ColorBook embeddings E on
NumColor-Data. The base diffusion model and T5 [46] text encoder remain frozen; only
E receives gradients. For rectified flow models, the primary objective is flow-matching:

Lflow = Et,z0,z1

[
∥vθ(zt, t, E(p;ϕ))− (z1 − z0)∥22

]
, (4)

where zt = (1 − t)z0 + tz1, and E(p;ϕ) denotes T5 encoding [46] with color em-
beddings injected via ϕ. The flow matching objective trains the ColorBook to produce
embeddings that generate correct colors, but provides no explicit supervision on the
geometry of the embedding space. Without additional constraints, perceptually similar
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colors may map to distant embeddings, degrading interpolation quality and generaliza-
tion to unseen colors. Therefore, We introduce two auxiliary losses that enforce corre-
spondence between Lab color space and embedding geometry. Directional alignment
encourages embedding displacements to reflect perceptual displacements in Lab space:

Ldir = Eci,cj
[1− cos (ϕ(ci)− ϕ(cj), ψ(ci − cj))] (5)

where ci, cj ∈ R3 are Lab coordinates sampled from anchor set, ϕ : R3 → Rd de-
notes the ColorBook mapping from Lab space to text embedding space, and ψ : R3 →
Rd is a learned linear projection mapping Lab differences to embedding dimension.

Interpolation consistency enforces that perceptual midpoints in Lab space map to
embedding midpoints, ensuring smooth transitions:

Linterp = E(ci, cj) ∼ P
[∣∣∣ϕ(ci+cj

2

)
− 1

2

(
ϕ(ci) + ϕ(cj)

)∣∣∣2
2

]
(6)

where ci, cj are Lab color coordinates sampled from the anchor set and P denotes
the distribution over color pairs. The left term computes the embedding of the Lab
midpoint, while the right term computes the midpoint of two embeddings; minimizing
their difference enforces linearity in the learned mapping.

The total objective combines reconstruction with geometric regularization:

L = Lflow + λd.Ldir + λi.Linterp (7)

where λd and λi are hyperparameters to control relative contribution of regularizers.

4 Experiments

4.1 Experiment Setup

Implementation Details. We use FLUX.1-dev [33] as the primary backbone. In stage
1, the CTA is trained for 50K steps using AdamW [37] with learning rate 1×10−4, batch
size 128, and weight decay 0.01. In stage 2, the FLUX transformer and T5 encoder are
frozen; only ColorBook embeddings E ∈ R6707×4096 are learned. ColorBook is trained
for 100K steps with learning rate 1×10−5 and batch size 16 on 4× A100 64GB GPUs.
Baselines. We evaluate against T2I diffusion models spanning FLUX.1-dev [33], SD3
and SD3.5 [17], PixArt-α [8], PixArt-Σ [7], Sana [59], and CogView4 [13]. These
baselines represent both single-encoder and multi-encoders, enabling analysis of how
different text conditioning handle numeric colors. We integrate NumColor with afore-
mentioned models to evaluate both trained performance and zero-shot transfer.
Evaluation Metrics. We adopt evaluation protocol from GenColorBench [5] bench-
mark, which measures color accuracy using ∆E (CIE2000)—perceptual color distance
between specified and generated colors. Lower ∆E indicates better color fidelity, with
∆E < 1 imperceptible to humans and ∆E < 5 considered acceptable. We evalu-
ate on three color granularities including ISCC-NBS Level 1, ISCC-NBS Level 3, and
CSS3/X11 web colors. We use 9.8K numerical color prompts from GenColorBench
covering 400+ colors, which evaluate hex code and RGB triples. Additionally, we com-
pute color harmony metrics to assess the aesthetic coherence in the generated images.
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Fig. 4: Qualitative results spanning coarse colors spanning primary hues; fine-grained colors in-
cluding adjacent grayscale, blue-to-cyan, and red-to-yellow; and interpolated colors synthesized
via interpolating anchors. NumColor maintains accurate color reproduction across objects.

4.2 Qualitative Results

Qualitative results show color control across three dimensions: (i) coarse colors span-
ning primary hues, (ii) fine-grained colors, and (iii) interpolated colors—which are not
from NumColor anchors. Figure 4 shows our method with FLUX.1 accurately repro-
duce primary colors across diverse objects, confirming that color embeddings transfer
independently of object category. We also show fine-grained color transitions, includ-
ing grayscale—from black to white where adjacent swatches differ by ∆E < 15. Simi-
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Fig. 5: Cross-model generalization. Baseline models versus NumColor integration across SD3,
SD3.5, PixArt-α, and PixArt-Σ. NumColor, trained on FLUX, transfers zero-shot to other diffu-
sion models. Baselines exhibit incorrect hue mapping, ignored specifications, and rainbow arti-
facts; NumColor resolves these while preserving image quality.

larly, we show color transition from blue to cyan, and red to yellow. Despite perceptual
subtlety of these distinctions, our method maintains clear differentiation across color
progression. Lastly, we demonstrate color generations that are not available as anchors
in NumColor. These colors are synthesized through interpolating color anchors as de-
scribed in Section 3.3. Accurate reproduction of these out-of-sample colors confirms
that our learned embeddings are from a continuous, interpolable manifold.

In Figure 5, we show zero-shot cross-model of NumColor to SD3, SD3.5, PixArt-α,
and PixArt-Σ through their shared T5 encoder. Baseline models exhibit characteristic
failures. For instance, SD3 renders ■#1D0AE7 as yellow; SD3.5 ignores ■#F53E00
entirely, producing a beige backpack. With NumColor, all models correctly reproduce
specified colors while maintaining generation quality. Challenging cases including near-
neutral tones and desaturated hues are handled consistently across architectures. Further
results including multi-object color generation are shown in supplements.

4.3 Embedding Space Analysis

Beyond evaluating generation quality, we analyze the geometric properties of the learned
ColorBook to verify that training produces perceptually meaningful representations
rather than arbitrary embeddings that happen to reconstruct colors (Fig. 6). We measure
the L2 drift between initial T5-encoded embeddings and their trained counterparts as a
function of hue angle (Fig. 6b). The drift distributes uniformly across the hue spectrum,
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Fig. 6: Embedding space analysis of NumColor. (a) Distribution of 6,707 color anchors in CIE
Lab space with 5-unit spacing. (b) L2 drift between initial (T5-encoded) and trained embeddings
versus hue angle, showing uniform adaptation across the color spectrum. (c) Nearest Neigh-
bor overlap between LAB and embedding space. Initial T5 embeddings show high consistency
at small k due to shared category names but degrade at larger k; trained embeddings maintain
preservation at larger neighborhoods, reflecting perceptual structure beyond linguistic clustering.

indicating that training adapt to all color regions equally rather than overfitting to spe-
cific hues. We also observe the neighborhood preservation analysis (Figure 6c), which
quantifies whether perceptual neighbors in Lab space remain neighbors in embedding
space. Initial T5 embeddings exhibit high nearest neighbors overlap at small k, however
this is an artifact of our ISCC-NBS initialization as colors within the same category
share identical embeddings. Trained embeddings exhibit moderate overlap at small k
while sustaining preservation at larger neighborhoods, confirming that training reorga-
nizes the embedding space to reflect perceptual similarity rather than linguistic catego-
rization. Moreover, learned geometric organization enables NumColor to generalize to
colors unseen during training through smooth interpolation between anchors. This im-
provement is also reflected in Fig. 1 (right), where NumColor embeddings (stars) align
with the Lab color structure approaches the consistency observed for color names.

4.4 Quantitative Comparisons

Table 1 presents numerical color understanding performance on GenColorBench bench-
mark across three granularities. We evaluate all models on 9.8K prompts using both
hex and RGB formats. Baseline models fail regardless of granularity: FLUX achieves
only 13.82% at ISCC-L1 despite just 13 coarse categories—marginally above the 7.7%
random baseline—degrading to 7.74% at ISCC-L3 and 5.86% at CSS3/X11. This pat-
tern persists across architectures, confirming that the bottleneck is not color discrimi-
nation but text encoders’ inability to extract meaning from tokenized color specifica-
tions. Whereas, NumColor integration yields substantial improvements across all mod-
els and granularities. On FLUX, accuracy increases from 13.82% to 55.71% at ISCC-
L1, 7.74% to 48.02% at ISCC-L3, and 5.86% to 51.96% at CSS3/X11—representing
4–9× relative improvement. Gains are largest at fine granularities where baselines ap-
proach random chance, demonstrating that learned embeddings preserve perceptual dis-
tinctions in Lab space. Cross-model transfer validates universality: using NumColor
trained exclusively on FLUX, we observe average improvements of +37.4% on SD3,
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Table 1: Numerical Color Understanding performance of T2I models on GenColorBench. Re-
sults across three color specification granularities. indicate top-3 performers.

GenColorBench Metrics ↑ Color Harmony ↓
Model Resolution Type ISCC-L1 ISCC-L3 CSS3/X11 RGB Hex
FLUX 1024 DM 13.82 7.74 5.86 247.4 134.9
Sana 1024 DM 25.10 12.85 9.45 643.1 105.5
SD3.5 1024 DM 14.92 7.53 5.78 518.3 117.3
Pixart-α 1024 DM 9.45 5.42 4.21 638.9 366.1
SD3 1024 DM 11.80 5.92 4.63 826.4 251.4
Pixart-Σ 1024 DM 10.21 5.11 4.09 673.7 673.7
CogView4 1024 DM 10.95 5.32 4.25 476.9 253.0
FLUX w/ NumColor 1024 DM 55.71 48.02 51.96 16.90 18.47
SD 3 w/ NumColor 1024 DM 49.23 39.46 47.19 22.64 22.35
SD3.5 w/ NumColor 1024 DM 51.72 43.35 46.87 24.38 25.51
PixArt-α w/ NumColor 1024 DM 44.93 36.17 38.51 19.54 19.87
PixArt-Σ w/ NumColor 1024 DM 48.56 40.83 43.90 24.08 25.79

+36.8% on SD3.5, +33.5% on PixArt-α, and +37.3% on PixArt-Σ. Moreover, we eval-
uate FLUX.1 with and without NumColor on 180 ISCC-L1 GenColorBench prompts.
FLUX.1 achieves 81.27% accuracy, and attains 80.04% w/ NumColor, indicating that
NumColor preserves pretrained named-color understanding. We also evaluate more re-
cent open-source and proprietary models including Qwen-Image, z-Image, FLUX.2,
and GPT-Image-1.5, which we discuss in the Section S6 in the supplementary.

We additionally evaluate color harmony following Cohen-Or et al. [9], which mea-
sures conformance to harmonic templates on the hue wheel. Baseline models exhibit
poor harmony scores such as 247–826 for RGB, and 105–673 for hex, as incorrect
color reproduction often yields incoherent palettes. NumColor reduces these scores to
16–24 for RGB and 18–26 for hex which yields a 10–30× improvement demonstrating
that precise color control simultaneously enhances aesthetic coherence.

4.5 Ablations

We conduct ablation studies to validate design choices, examining cross-attention be-
havior after NumColor integration and hyperparameter sensitivity. Figure 7 visualizes
cross-attention maps comparing baseline models with NumColor. Without NumColor,
both FLUX and SD 3.5 fragment hex codes into individual character tokens (Figure
1), resulting in scattered attention patterns across unrelated image regions. With Num-
Color, color specification is processed as a unified semantic unit, concentrating attention
on the target object. This consolidation enables precise color-to-object binding. Further,
we analyze effect of softmax temperature τ and color neighborhood size on the color
generation, shown in Figure 8. The temperature parameter controls the sharpness of in-
terpolation weights over k-nearest anchors. At low τ , weights concentrate on closest an-
chors, while high τ distributes weights more uniformly, causing color desaturation. At
k=1, hard assignment to the nearest anchor produces quantization artifacts. We choose
τ=2.0 and k=8, balancing accurate color reproduction with smooth interpolation. We
further ablate the auxiliary loss functions, shown in Table S2 in the supplementary ma-
terial, to demonstrate the effectiveness of the proposed loss functions.
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Fig. 7: Cross-attention maps for hex color specifications. Baseline models fragment hex codes
into character tokens with scattered attention. NumColor processes colors as unified embeddings,
focusing attention on target objects and enabling accurate color control.

a #2D5E89 colored vase placed on the table

τ=1.0 τ=2.0τ=0.5 k=4 k=8k=1 k=16τ=5.0

a #E37200 car driving down the road through forest

Fig. 8: Hyperparameter ablation. Low k causes hard quantization artifacts. High τ leads to color
desaturation. τ = 2.0, k = 8 balance accurate color reproduction with smooth interpolation.

5 Limitations

While our method enables color control, we identify two failure modes inherent to un-
derlying diffusion models (Figure 9). Color leakage occurs when the color bleeds into
surroundings as cross-attention lacks spatial grounding to enforce boundaries. Memory
color bias causes objects with strong canonical associations to resist recoloring; de-
spite specifying green for sunflowers, model defaults to memorized yellow, reflecting
object-color priors that override color embedding. Both limitations represent fundamen-
tal challenges in controlling pretrained generative models, not specific to NumColor.
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Fig. 9: Failure cases. Color Leakage: Specified color appears on the object but bleeds into sur-
roundings due to lack of spatial grounding. Memory Color Bias: Objects with canonical binding
resist recoloring, as pretrained model overrides the embedding, defaulting to memorized colors.

6 Conclusion

We presented NumColor, a plug-and-play framework for precise numeric color control
in T2I generation. NumColor addresses two compounding failures: tokenizer fragmen-
tation via a tokenizer-agnostic Color Token Aggregator, and the alignment gap between
color specifications and embedding space via ColorBook operating in perceptually uni-
form CIE LAB space. Both components require no adaptation to pretrained diffusion
models. To enable training, we proposed NumColor-Data, a synthetic dataset of 500K
images with unambiguous color-to-pixel correspondence. The trained ColorBook trans-
fers zero-shot to multiple diffusion models, achieving 4 − 9× improvement in color
accuracy and 10−30× improvement in color harmony on GenColorBench benchmark.
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