








Generation Goals Feature Type Match Function

Semantics CLIP [42], BLIP [29] Cosine Similarity
Style Gram Matrix [16] MSE
Color RGB, HSV, LAB Absolute Difference
Texture GLCM [19] Euclidean Distance
Shape Hu Moments [22] Euclidean Distance
Sharpness High Frequency Energy (HFE) Absolute Difference

Table 1. Feature types and matching functions.

Appendix A. This finding empowers us to create a large-
scale, model-agnostic noise library, where each noise sam-
ple can be associated with diverse latent features and then
shared across different models. The universality of noise-
driven priors positions initial noise as a unified control re-
source for various applications.

3.4. NoiseQuery for Goal-Driven Generation
Building upon the insights regarding initial noise char-

acteristics and cross-model consistency, we propose Noise-
Query, an efficient approach for selecting appropriate noise
samples tailored to diverse generation objectives. As illus-
trated in Fig. 4, our method consists of two main phases:
offline library construction and real-time inference. We also
provide pseudo-code in Algorithm 1.
Offline Library Construction. In the first stage, we build
a noise library Nset, which contains many initial noise sam-
ples (e.g., 100k) sampled from standard Gaussian distri-
bution. These samples are utilized to generate generative
posteriors by running a diffusion model without any user-
defined prompts. Subsequently, we extract a variety of fea-
tures Fi from these generative posteriors that correspond to
various generative objectives O, such as semantic represen-
tations (e.g., CLIP features), color properties (e.g., satura-
tion), etc. These extracted features are then stored as keys
alongside their corresponding noise samples (values) within
the noise library, creating a comprehensive key-value repos-
itory that can be queried during the inference phase.
Real-time Inference. When performing real-time infer-
ence, we specify desired features FO following the user’s
generation objective O. These features could be seman-
tic, color, spatial, or style-based attributes, depending on
the specific goal. Using a match function S(·), we evaluate
the alignment between each feature Fi in our pre-computed
library and the objective features FO. The optimal noise
sample ε∗ is selected by maximizing the matching scores:

ε∗ = arg max
εi∈Nset

{S(Fi, FO) | εi ∈ Nset}. (4)

Once the optimal noise sample ε∗ is identified, it is fed
into the generative model to produce an image that closely
matches the user intent. In Tab. 1, we summarize sev-
eral common generation goals achievable with NoiseQuery,
including both high-level semantics and low-level visual
properties. For each goal, we specify the corresponding

feature types and matching functions. Detailed explana-
tions of these features can be found in Appendix C. No-
tably, these goals can be applied individually or in combi-
nation. Users can specify multiple constraints simultane-
ously (e.g., generating a “sunset” image with a “warm color
palette” while ensuring “high sharpness”). This flexibility
makes NoiseQuery highly versatile and generalizable, en-
abling fine-grained control over the generated output.

4. Experiments

4.1. Experimental Setup
Datasets. We evaluate our approach on two popular bench-
marks: MSCOCO [33] and DrawBench [47]. MSCOCO is
a standard benchmark for text-to-image generation, provid-
ing textual descriptions of diverse natural scenes and object
classes. We randomly select 10k captions as user prompts.
DrawBench consists of 200 carefully designed prompts in-
tended to challenge generative scenarios on various aspects,
including long-form text, complex compositions, conflict-
ing instructions, and rare vocabulary.
Model Zoo. We conduct experiments on six popular dif-
fusion generation models, including Stable diffusion (SD)
series [43] (1.4, 1.5, 2.0, 2.1), PixArt-α [6], and SD-
Turbo [49]. Stable Diffusion is a Latent Diffusion Model
with UNet [44] backbone. By default, we use 50 DDIM de-
noising steps with a CFG scale of 7.0. PixArt-α is a Trans-
former Latent Diffusion Model, and SD-Turbo is a distilla-
tion model based on Stable Diffusion 2.1, generating high-
quality images even with only 1-2 sampling steps without
CFG. For PixArt-α, we use the default CFG scale of 4.5.
Evaluation Metrics. For semantic similarity, we use Clip-
Score [42], which directly measures the alignment be-
tween the generated images and the corresponding textual
prompts. Additionally, we incorporate several popular met-
rics trained on large-scale human preference data to quan-
tify human preferences for AI-generated images, including
HPS v2 [58], PickScore [27], and ImageReward [60]. These
metrics offer a thorough evaluation of image quality, aes-
thetics, and alignment with user intent.

4.2. Improvement on High-level Semantics
For semantic consistency goals, we utilize features like

CLIP [42] and BLIP [29] as the query to identify the seman-
tically matched noise for each text prompt. Such aligned
text and noise yield two benefits: (i) prevents the model
from generating irrelevant outputs or falling into unsolvable
regions. (ii) minimizes generation difficulty and maximizes
the likelihood for semantic consistency.
Quantitative Analysis. In Tab. 2, we evaluate our method
on standard text-to-image (T2I) benchmarks, demonstrat-
ing consistent performance gains across all base mod-
els by offering better noise-text alignment. NoiseQuery
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Figure 10. Examples of combining high-level semantics (red) and
low-level properties (blue). Enhanced prompts are created by fus-
ing semantic objects and visual details via a large language model.
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Figure 11. Compatibility with controllable models such as TI [15]
and ControlNet [64]. Our method provides a better initial noise,
enhancing semantic consistency and low-level attribute control.

ther implementation details provided in Appendix C.

Color Properties. Color attributes such as brightness, sat-
uration, contrast, and hue are crucial for an image’s vi-
sual appeal. We assess the overall color hue by averaging
each RGB channel, measure saturation and brightness in the
HSV color space, and compute contrast as the standard de-
viation of grayscale intensities. As shown in Fig. 8a, select-
ing initial noise that matches target color distributions en-
ables precise control over the generated images’ color ten-
dencies, aligning them with user preferences.

Structural Features. For spatial control, we imple-
ment: (1) Texture through Gray-Level Co-occurrence Ma-
trix (GLCM) [19] features that quantify intensity co-
occurrence patterns; (2) Shape consistency via Hu Mo-
ments [22] as rotation-invariant descriptors; and (3) Sharp-
ness by prioritizing high-frequency energy (HFE) in Fourier
spectra. Fig. 8b demonstrates how noise selection governs
these structural features—preserving geometric fidelity in
object shapes, modulating surface textures, and enhancing
edge crispness—all achieved without prompt engineering.

4.4. Enhancement on Combined Scenarios

Building upon the results in previous sections, which
demonstrate our method’s effectiveness in high-level se-
mantic alignment and low-level attribute control, this sec-
tion highlights its ability to combine these diverse goals
and seamlessly integrate with powerful existing controllable
generation models.
Combined Goals. Beyond individual tasks, our method ex-
cels in simultaneously achieving multiple generation goals.
By sequentially reranking noise candidates—first selecting
top candidates based on one goal (e.g., high-level seman-
tics) and then refining within this subset for another goal
(e.g., low-level attributes)—we progressively narrow down
the optimal noise pool. As shown in Fig. 10, this approach
allows the combination of high-level semantic alignment
with various low-level attribute controls, enabling the gen-
eration of images that meet diverse user preferences.
Compatibility with Controlling Methods. Our method
is designed to be instant-time and model-agnostic, making
it highly compatible with existing controllable generation
models such as Textual Inversion (TI) [15] and Control-
Net [64]. By providing a better initial noise, our approach
establishes a foundational layer for controllable generation,
which synergizes with subsequent refinement processes. As
shown in Fig. 11, this integration enhances semantic consis-
tency while enabling precise control over challenging low-
level attributes, such as color and texture.

5. Conclusion

In this work, we propose NoiseQuery, a tuning-free method
that enables versatile goal-driven T2I generation through
enhanced noise initialization, supported by a generic and
reusable pre-built noise library. By selecting Gaussian ini-
tialization in the noise library better aligned with the text
prompt or specified attributes, NoiseQuery achieves fine-
grained control over both high-level semantic and intricate
low-level details. In addition, the model-agnostic nature of
our method allows it to be seamlessly integrated with ex-
isting T2I augmentation and controllable generation meth-
ods without model adjustments or significant computational
overhead. Experiments validate its effectiveness in improv-
ing output fidelity and precision, particularly for visual at-
tributes that are challenging to articulate textually. The
lightweight and scalability of the framework make it adapt-
able to real-world applications.
Limitations. Although NoiseQuery provides flexibility for
aligning high-level semantics and controlling low-level at-
tributes, it remains bounded by the base model’s ability, and
may still underperform in extremely complex cases. Addi-
tionally, it has limitations in achieving fine-grained control,
such as Canny edge control.
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