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Abstract. Conditional diffusion models frequently suffer from language-
image misalignments. Due to the ambiguity of intermediate noise cor-
rupted latents, assessing prompt adherence currently requires complet-
ing the entire sampling trajectory. This late-stage evaluation incurs even
higher computational costs during test-time scaling strategies, such as
Best-of-N (BoN) sampling, as all misaligned trajectories must finish gen-
eration before being discarded. To tackle this, we propose NoisyCLIP, a
noise-aware twin-tower model that enables early language-to-latent align-
ment estimation. By learning a vision encoder on noise-corrupted latents,
we allow the model to "see" through the ambiguity of intermediate diffu-
sion steps. To facilitate this training, we investigate noise-data augmen-
tation sampling strategies and introduce two new benchmark datasets:
Noisy-Conceptual-Captions and Noisy-GenAI-Bench. When applied as
an early-stopping criterion for BoN, NoisyCLIP at half cost matches or
beats frozen CLIP at full cost. Ultimately, this transforms alignment as-
sessment from an expensive final check into a continuous monitoring tool,
drastically reducing compute costs without sacrificing semantic fidelity.
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1 Introduction

The advances in image generation achieved by diffusion models [2, 15, 32, 37,39]
have opened exciting possibilities for generating realistic images from textual
prompts. Reverse diffusion, coupled with cross-attention mechanisms, guides it-
erative removal of noise, shaping a final image that adheres to the input textual
prompt. However, reverse diffusion image generation is a costly process, and
there is no inherent guarantee that it will follow the optimal denoising trajec-
tory [1], often failing to produce an image that fully adheres to the prompt.

Current methodologies for measuring alignment between textual prompts
and images mainly focus on assessing alignment of the output image [14,21,24].
Nonetheless, the iterative nature of diffusion models raises a fundamental chal-
lenge: accurately measuring language-to-latent alignment across differ-
ent intermediate diffusion timesteps. The core difficulty in providing real-
time feedback lies in the nature of the latent space itself during the early stages

https://orcid.org/0000-0002-2453-3288
https://orcid.org/0000-0002-2833-8965
https://orcid.org/0009-0002-2746-4027
https://orcid.org/0000-0001-6290-5719
https://novasearch.github.io/noisyclip


2 V. Ramos et al.

Fig. 1: Left: While standard CLIP scores require near-complete generation to stabi-
lize, NoisyCLIP accurately predicts final image quality at early denoising steps. Right:
We leverage this early evaluation for intermediate Best-of-N sampling. Evaluating mul-
tiple candidates early (e.g., XT−20) terminates unpromising trajectories, significantly
reducing compute overhead while allowing the highest-scoring candidate to reach X0.

of generation, where representations are dominated by Gaussian noise, making
traditional vision-language encoders ineffective [36]. To address this, we pro-
pose NoisyCLIP, a noise-aware twin-tower model designed to actively measure
language-to-latent alignment during the denoising process, Figure 1. By learn-
ing a vision encoder over noise-corrupted representations, we equip the model
to accurately interpret intermediate diffusion stages, transforming alignment as-
sessment from a final check into a continuous monitoring tool.

Learning such language-to-latent estimator is a non-trivial task. Although
noise inversion techniques exist [8, 28], there are no obvious data resources or
sampling strategies that can reliably provide the intermediate noise training
sequences. This leads to our second core challenge: identifying the training
objectives and data augmentation strategies necessary to stabilize a
latent-alignment estimator. To address this critical gap, we investigate noise-
data augmentation sampling strategies for training and assessing alignment of
intermediate latent representations in reverse diffusion processes.

Finally, to validate the system-level utility of our approach, we address a final
challenge: establishing an alignment-based early-stopping criterion that
significantly reduces Best-of-N computational costs while maintaining
full-term image-text fidelity. Evaluating solely on the final image results
in wasted compute time since misaligned generations must complete the full
process before being discarded. This inefficiency is amplified in test-time scaling
paradigms such as Best-of-N (BoN) selection [23, 26, 45], where having multiple
images incurs a substantial collective computational cost.

Our main contributions are threefold: we propose NoisyCLIP, a novel noise-
aware architecture capable of measuring language-to-latent alignment during the
highly ambiguous intermediate stages of diffusion; we introduce two new bench-
mark datasets, Noisy-Conceptual-Captions and Noisy-GenAI-Bench, containing
full sequences of intermediate latents to evaluate these alignments; and we pio-
neer an early-stopping Best-of-N strategy that cuts computational costs by 50%
while retaining 98% of post-hoc CLIP performance across multiple architectures.
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2 Related Work

Text-to-image Generation. These models are trained to learn associations be-
tween linguistic and visual concepts [48]. Despite previous efforts [13,20], reverse
diffusion models, including DALL-E 2 [35], Imagen [39], and Stable Diffusion [38],
have emerged as the predominant approach [2,10,30,32,38]. Although early dif-
fusion models [15] lacked control over the generation, advances in controllability
and quality have been driven by the introduction of textual prompts [19,38] and
further refined through the use of multiple text encoders [32–34].

Latent Space. Early diffusion models were constrained by the computationally
demanding pixel space [15]. To overcome this inefficiency, newer approaches em-
ploy a two-stage process: an autoencoder first maps high-dimensional images
into a lower-dimensional latent space, which is then used for the more efficient
reverse diffusion process. This strategy significantly reduces computational de-
mands, memory, and training time [38, 40]. Consequently, researchers have in-
creasingly focused on understanding and manipulating this latent space, recog-
nizing that working within it is key to substantially improving the quality of the
output. [6,29,36,47]. We take advantage of this latent space, using the interme-
diate generations to measure the alignment of the prompt and the image being
generated. This allows us to understand the generation’s trajectory and predict
the final alignment of the result.

Alignment Metrics. Alignment between the generated image and the text input
is a key measure to assess the quality of the generative model. Dual encoders
such as CLIP [14,33] and SigLIP [51] provided an early solution by directly mea-
suring the cosine similarity between the image and text representations. More
recently, approaches that leverage language models [34] have achieved state-of-
the-art results in measuring image-text similarity, demonstrating a high degree
of agreement with human judgments [24]. Moreover, utilizing Vision Language
Models for evaluation improves generation performance by incorporating models
feedback into the process [53]. However, this approach requires a verifier model
that may be larger than the generation model, potentially slowing the genera-
tion, and has so far only been evaluated on autoregressive models [46], excluding
more common diffusion models [38]. To mitigate this, recent work [3] employs a
CLIP model to directly receive latent information from the latest diffusion step,
bypassing the need to process the full image through the decoder. Additionally,
another work [28] presents similar approaches to use latent information to de-
termine the optimal classifier free guidance during the reverse diffusion process.

While current metrics successfully assess final image similarity, there’s a crit-
ical need for efficient, in-process assessment during reverse diffusion. Existing
latent alignment efforts either require full pipeline processing [3] or simply treat
alignment as a means to an end [28]. These studies lack a dedicated analysis,
open-source models, and standardized comparison data. Our work fills this gap
by proposing a novel method and open dataset that leverage intermediate gen-
eration data to assess semantic alignment throughout the diffusion latent space.
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3 Aligning Language with Noisy Latents

The core challenge of our work is to measure the alignment between the source
text and the ambiguous and noisy latent representations generated during reverse
diffusion. To address this, we propose a solution based on twin-tower similarity
models, such as CLIP, to measure language-to-latent alignment as a similarity
problem. This section starts by formalizing the language-to-latent alignment
problem (Section 3.1). We then explain how to mitigate the limited availability
of noise-corrupted data (Section 3.2), required to train NoisyCLIP as described
in Section 3.3. Following this, we propose a new benchmark to evaluate language-
to-latent assessment methods (Section 3.4).
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Fig. 2: A prompt is used to generate an image, and at an intermediate step, the gen-
erated image and the original prompt are encoded and their similarity is measured. As
demonstrated, our method generates a similarity score that is closely aligned with the
score assessed for the final produced image, while at intermediate stages of generation,
allowing for the early identification of misalignments.

3.1 Language-to-Latent Alignment Problem

In image generation, earlier techniques such as Classifier-Free Guidance [16] en-
hance the output quality of diffusion models, but these approaches inherently
sacrifice in-process feedback. This limitation leads to the adoption of post-hoc
language-image alignment methods, which evaluate the final image after gen-
eration, introducing computational inefficiencies and hindering iterative control
over the generation process [24,26]. Despite Latent Diffusion Models [38] ground-
ing generation in textual prompts, there remains no mechanism to leverage this
information for real-time feedback during generation. In this section, we explore
how to enable direct language-to-latent alignment evaluation during generation,
eliminating post-hoc assessment and offering a more scalable and responsive ap-
proach to image synthesis. We begin by recalling the objective function of the
Latent Diffusion Model:

LLDM := EE(x),y,ϵ∼N (0,1),t

[
∥ϵ− ϵθ(zt, t, τθ(y))∥22

]
(1)
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In this formulation, x is the original image, and z = E(x) is its latent repre-
sentation generated by the encoder E . zt represents the noisy latent state after
t diffusion steps, where t ranges from 1 to T . ϵ is the Gaussian noise used to
corrupt the latent state, and ϵθ is the noise prediction model trained to esti-
mate the noise ϵ added to zt. The reverse diffusion steps are conditioned by the
input text y, encoded by the text encoder τθ(y). The text embedding τθ(y) is
then used in cross-attention mechanisms to interact with noisy latent states zt,
guiding the denoising process towards a text-aligned image. We maintain this
standard notation throughout the paper.

To evaluate similarity in the image space, we calculate the cosine similarity
between the image and text prompt [33]. Given the final generated image, x,
and the text prompt, y, we employ the text encoder, τθ, and an image encoder,
νθ, to compute the similarity score,

Sfinal(x, y) = τθ(y) · νθ(x). (2)

To generalize this operator to intermediate diffusion steps, we extend Sfinal(x, y)
which operates on pixel-space images (x), to support latent representations zt
that cannot be directly inputted into νθ. This extension is defined as

Slatent(zt, y) = τθ(y) · νθ(Φ(zt)), (3)

where zt is the latent representation at step t, and Φ is a transformation (inverse
of E) that converts zt into an RGB-like space consumable by the image encoder
νθ, as illustrated in Figure 2. The text prompt y and the text encoder parameters
remain the same as in Sfinal.

The definition of Slatent allows for the assessment of how well image rep-
resentations align with text prompts during the reverse diffusion process. This
approach relies on having access to noise-corrupted data. In the following section,
we will explore the scarcity of publicly available data of this kind and explore
our approach to generate this kind of data.

3.2 Sampling Noise-Corrupted Data

There is a notable lack of open data involving noisy latent images, as prior works
often rely on on-the-fly noise inversion [8, 44, 49]. This hinders reproducibility
and consistent benchmarking. To mitigate this, our training dataset D is struc-
tured as a collection of samples where each sample within D is a tuple of the
form (y, x, {zt}Tt=1), where y represents the image generation prompt, x is the
corresponding generated image and {zt}Tt=1 represents the sequence of latent
representations sampled from the image’s reverse diffusion process.

We optimize our encoder using a rewritten version of CC12M [9,25]. These re-
fined captions provide dense, detailed prompts that better align with the require-
ments of image generation tasks, based on the diverse visual concepts present in
the original CC12M [5]. Using SDXL [32], we generate images from these prompts
and extract latent representations for training (as detailed in Section 4.5).
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Although this process successfully captures the complete latents necessary
for optimization, we cannot simply sample latents at random throughout the se-
quence. Early steps are dominated by Gaussian noise, whereas late steps lack the
ambiguity required to train an early-stopping monitor. Determining the optimal
noise distribution therefore becomes a highly non-trivial challenge, motivating
our systematic evaluation in Section 5.2.

3.3 Language-to-Latent Contrastive Training

To improve noise robustness in pre-trained vision encoders, we introduce Noisy-
CLIP, a twin-tower encoder capable of measuring similarity earlier in the reverse
diffusion process.

We select a fixed latent interval (20–29) for contrastive training to enable
stable language-to-latent alignment across diverse representations using only a
subset of the data, as validated in Section 5.2. Using the generated noisy la-
tents zt, we exclusively fine-tune the image encoder (see Figure 2). During the
contrastive learning, each noisy latent representation zt forms a positive pair
with its corresponding text prompt y, while being contrasted against in-batch
negatives N (all image-text pairs in the batch except the positive pair).

By applying the contrastive loss (InfoNCE) [27] we maximize similarity be-
tween positive pairs (zt, y) while suppressing similarity with negatives N . Freez-
ing the text encoder maintains its general-purpose functionality while optimizing
language-to-latent alignment through image encoder tuning. The crucial advan-
tage of this approach is that the frozen text encoder can be shared with the
diffusion model, which ensures consistency between textual representations and
the diffusion model’s conditioning space. This grounding forces the latent en-
coder to align better with the diffusion representations, effectively mimicking
the cross-attention interaction during denoising while providing an early projec-
tion of final image alignment [19].

3.4 Benchmark Proposal

Lastly, to overcome the lack of standardized data to evaluate representations
in inner diffusion processes, we propose a benchmark built on top of image
captioning [5] and image generation [23] datasets. We derive two subsets, Noisy-
Conceptual-Captions and Noisy-GenAI-Bench to enable open, systematic com-
munity evaluation across three critical dimensions.

Diverse visual representations. To evaluate inner diffusion representations, we
generate multiple images for each prompt p, allowing us to quantify how align-
ment metrics choose the output that most closely matches the prompt across
diverse visual representations.

Factual consistency. We employ a classification task where a single image is
evaluated against k prompts, one correct and k − 1 intentionally corrupted to
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systematically violate factual consistency (as detailed in the Appendix). This ap-
proach improves the robustness of the evaluation compared to random prompt
sampling by introducing targeted factual violations rather than random infor-
mation.

Noisy latent information. To support the assessment of the previously described
tasks in the reverse diffusion process, we store the noisy latent information at
each denoising step during generation.

4 Experimental Setup

In this section, we provide a detailed description of our evaluation settings,
including tasks, datasets, baseline models, metrics, and implementation details.

4.1 Evaluation Tasks

To evaluate the proposed method, we conducted the following experiments:

– Language-to-Latent Alignment. We start by examining the language-to-
latent alignment throughout the denoising process of N competing random
seeds. We measure the alignment with NoisyCLIP and CLIP, and compare
the difference between the best and the worst images (VQAScore is used to
rank images by their alignment with the prompt). This allows us to observe
how early NoisyCLIP can detect misalignments.

– Latent-to-Text Retrieval: As an additional experiment, we assess the
model’s ability to assign the highest score to the most factually accurate
prompt. This experiment aims to analyze NoisyCLIP in the presence of cap-
tions that include non-factual distractors. This evaluation is crucial as it tests
the model’s capacity to distinguish the correct caption from highly similar,
yet non-factual, errors. Ultimately, success on this task suggests that the
model possesses the semantic understanding required to prevent non-factual
image selections during generation.

– Early-Stopping Best-of-N: Our main experiment follows recent work [24,
26,45] that demonstrated a significant improvement in image quality by gen-
erating multiple images and selecting the most aligned one. In our setting, in-
stead of completing all denoising processes, we leverage NoisyCLIP early mis-
alignment detection capabilities, and evaluate how early it can stop poorly
aligned denoising processes and keep the best language-to-latent aligned one.

4.2 Datasets

For the experiments explained above, we use two datasets. Specifically, the test
sets are:
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– Noisy-Conceptual-Captions: This subset from our benchmark comprises
a set of 1000 captions sampled to enable objective assessment of factual cap-
tion selection. This dataset comprises the original prompts, four generated
images per original prompt as well as four non-factual prompts (the creation
of these prompts is detailed in the Appendix).

– Noisy-GenAI-Bench: This dataset includes a total of 1600 prompts, con-
sisting of 730 basic prompts and 870 more advanced ones, going from simple
compositions such as objects (e.g. "a dog") to more complex compositions
such as counting or negations. To evaluate the performance on the BoN task,
we expand this dataset by generating 10 images along with the corresponding
latent information for each prompt.

4.3 Baselines

We evaluate NoisyCLIP against several established baselines. Because our ap-
proach builds upon CLIP [33], we utilize pre-trained CLIP and SigLIP [51] as
primary points of comparison, employing their base versions for ablations and
large versions for main results. We also compare against LatentCLIP [3] (ver-
sions 8 and 4-plus) to benchmark against latent-optimized representations. All
primary generation experiments are conducted using Stable Diffusion XL [32],
with generalization tests performed on two DiT-based [30] architectures: Stable
Diffusion 3.5 [10] and FLUX.1 [dev] [22].

4.4 Evaluation Metrics

In the Latent-to-Text Retrieval task, we presented each image with a single
correct prompt and multiple non-factual prompts, measuring performance using
Recall@1 (R@1) [11, 31, 52, 54]. This metric quantifies the model’s accuracy by
measuring the proportion of images in which the correct prompt is ranked first
among all candidates.

For the BoN task, we assess the model’s ability to select the most relevant
image for a given prompt. VQA-based evaluation methods have shown improved
reliability and alignment with human assessments [7, 17, 18, 23, 50]. Similarly to
previous research, we adopt VQAScore [24] as our primary metric to measure
how well encoders can select the most similar image over others for a certain
prompt [2, 4, 12,41,43].

4.5 Implementation Details

Training. We fine-tune solely the visual encoder of the dual-encoder on a dataset
of 50000 latents, which are uniformly sampled from the generated images. Train-
ing is done with a learning rate of 5.7e-5, using a cosine annealing scheduler
with a warm-up ratio of 0.1 and a weight decay of 0.1. All computations are
performed on an NVIDIA A100 40G GPU over 10 epochs with a batch size of
128. Latent RGB Representation. Although SDXL [32] latent space utilizes



Estimation of Alignment in Diffusion Models 9

Fig. 3: Analysis of alignment measurement throughout the reverse diffusion process
shows that our model distinctly separates aligned from misaligned images as soon as
latent 20.

a four-channel structure, direct visualization requires transforming these latents
into RGB space. This transformation is done by decoding latent representations
via a linear transformation to RGB [42]. For our generalization experiments on
DiTs, the highly compressed nature of their latent spaces requires using the
model’s VAE for RGB decoding.

5 Results and Discussion

In this section, we evaluate how NoisyCLIP addresses the challenges established
in our introduction. We begin by assessing NoisyCLIP’s Language-to-Latent
Alignment to validate its capacity for monitoring intermediate denoising steps.
To understand the data strategies required for this monitoring, we then analyze
the Impact of Training Latent Ranges on Inference. Following this, we demon-
strate practical computational reductions by employing our method for Early-
Stopping in Best-of-N Sampling. Finally, we present a Generalization Analysis
across varying backbone architectures (further ablations in the Appendix).

5.1 Language-to-Latent Alignment

Language-to-Latent Alignment Estimators. To evaluate alignment effec-
tiveness, we sample prompts from the Noisy-Conceptual-Captions dataset, gener-
ating four images per prompt. Using VQAScore to establish a reference ranking,
we report the average similarity score assigned to each rank by both NoisyCLIP
and CLIP.

As illustrated in Figure 3, our model effectively discriminates the top image
from sub-optimal ones as early as latent 20, as the backbone can only do so by
latent 40. We can see that our method increases the delta between the high-
est and lowest scoring images surpassing 2% in the middle of the generation.
Although our approach focuses on the noisy images, the results do not show
any deterioration in the image dimensions. Furthermore, our approach achieves
even greater differentiation by the end of the process compared to the backbone
trained on images alone.

In contrast, CLIP exhibited persistent difficulty maintaining a separation
between the highest and lowest scoring images. Although it reaches a 2.5% delta
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in the image dimension, the gap remains under 1% for most of the generation (up
to the mid-30s) and only emerges after latent 20. These results demonstrate that
our approach reliably measures similarity in intermediate latents while achieving
final scores comparable to frozen CLIP. Moreover, our model produces scores
that increase almost linearly from the start of generation, whereas CLIP only
shows this behavior from the midpoint onward.

Latent-to-Text Retrieval. This experiment evaluates models ability to select
the correct caption for an image from five candidates (one correct, four non-
factual). As shown in Figure 4, NoisyCLIP discriminates the correct caption
from the non-factual ones remarkably early, by latent 10. In contrast, CLIP
requires an additional 20 denoising iterations to achieve a similar separation
(colored dots, Figure 4).

Fig. 4: Recall@1 for Caption Selection.

While both models increasingly fa-
vor the correct caption as denoising pro-
gresses, NoisyCLIP demonstrates signif-
icantly faster and higher convergence.
Within the first 25 iterations, Noisy-
CLIP’s recall@1 for the correct caption
surges from near zero to over 0.5, whereas
the baseline remains below 0.1. Further-
more, NoisyCLIP’s recall stabilizes during
the second half of generation, whereas the
baseline never exceeds 0.4 (further analy-
sis of non-factual caption selection is pro-
vided in the Appendix).

5.2 Impact of Training Latent Ranges on Inference

Fig. 5: Performance across inference ranges
(columns) when trained with different la-
tent ranges (rows).

In this experiment we examine how
different training latent ranges im-
pact NoisyCLIP performance. Results
are reported on the Noisy-Concept-
Captions dataset. As shown in Fig-
ure 5, the alignment performance cor-
relate with the inference latent range:
lower latent ranges result in less accu-
rate alignment, underscoring the chal-
lenge of assessing language-to-latent
alignment under the presence of noise.

The baseline CLIP model (top
row), performs poorly in latents
ranges 1-49 achieving a top performance of 0.696, despite a VQAScore of 0.747
on the final image. This disparity highlights the limitation of lacking noisy data
training. By comparison, NoisyCLIP inference performance generally correlates
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with the level of noise present during training. Low-noise training (ranges 40-49)
consistently yields the best overall results in both the final latent range and the
final image. However, the model trained on initial latent ranges (10-19) performs
best early on (up to 4 points gain) but declines sharply in the final two ranges.
Middle-range training (20-29) strikes the best balance, achieving stable perfor-
mance: it is comparable to the best models (40-49) in later inference ranges while
performing better in initial ranges. These results indicate that moderate training
noise (20–29) optimizes balanced performance across inference stages.

5.3 Early-Stopping in Best-of-N Sampling

To further evaluate our fine-tuning approach with noisy latent information, we
analyze NoisyCLIP performance as a ranker on a BoN denoising task. We evalu-
ate model’s ability to select a candidate image by denoising multiple seeds with
the same prompt, and scoring the latents according to its alignment with the
prompt in the GenAI-Bench basic prompts. This enables the early stopping of
denoising processes that are estimated to be sub-optimal, reducing the aggre-
gated number of denoising iterations. A detailed analysis of the performance on
the basic and advanced prompts is provided in the Appendix.

Defining Denoising Iterations as a Metric for Cost. We define cost by
the number of reverse diffusion steps required to produce an image; in our base-
line [32], this is 50 steps per image. If BoN is applied at a certain stage, only one
image proceeds with the generation. For example, if two images begin generation
but only one is selected to continue at latent stage 25, the total cost becomes
(25×2)+(25×1) = 75, representing a 25% saving compared to a full "best-of-2"
approach (2× 50 = 100).

Fig. 6: Alignment (VQAScore) vs Best-of-
N denoising cost. Cost is normalized for a
scenario where N = 6.

Performance Gains Versus Costs
Reduction. In Figure 6 we analyze
the trade-off between prompt align-
ment and computational cost within
a specific best-of-6 selection scenario.
The standard baseline, which uses
CLIP to select the final image after all
6 generations are complete, achieves
a VQAScore of 0.85 at a cost of 300
(= 6×50). At this same 300-step cost,
the best result achieved by Latent-
CLIP matches the performance of our
method (0.86).

By reducing the computational budget by 50% (to 150 denoising steps), our
method incurs a minimal 2% drop in VQAScore compared to 300-step CLIP and
LatentCLIP-8 baselines, and less than a 3% drop compared to LatentCLIP-4-
plus. Furthermore, when evaluated at this reduced 150-step budget, our approach
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outperforms all baselines by nearly 2%. This advantage persists at a 200-step
budget (a one-third reduction), where our method continues to achieve the high-
est latent selection score. Overall, our approach consistently outperforms the
baselines across the reverse diffusion process, demonstrating a superior balance
between alignment and efficiency.

Selecting images in the latent space. In this analysis, we compare the
performance of our method on Best-of-N denoising task, with N = {1, . . . , 10}.
When applying a dual encoder to rank the N generations in latent 20 (Figure 7,
top), the performance of all baselines mirror the mean alignment of the entire
candidate set. This suggests that applying current approaches at this stage yields
negligible benefit. In contrast, our method improves alignment by up to 2%,
demonstrating the effectiveness of our noise-aware approach in handling early-
stage latent representations.

Fig. 7: Best-of-N results for latent 20 and final
image. Alignment is assessed using VQAScore.

Figure 7 (bottom) presents re-
sults for the compute-intensive fi-
nal image selection, where all im-
ages are fully generated. While
CLIP baseline benefits from the
absence of noise in the final
images, our method consistently
achieves superior prompt align-
ment across all values of N .
Even compared to LatentCLIP
(trained on clean z0 latents), our
model consistently outperforms
their version with a patch size of
8 and remains highly competitive
with the 4-plus variant.

In summary, NoisyCLIP enables effective mid-generation BoN selection, while
baselines fail in high-noise settings by mirroring random sampling. Though com-
petitive with LatentCLIP in final stages, our novelty lies in unlocking computa-
tional efficiency via early-step ranking, where current CLIP methods fail.

Qualitative Results. Figure 8 demonstrates that our method achieves high-
fidelity image selection in a best-of-6 setting using only 150 diffusion steps, consis-
tently matching or surpassing CLIP and LatentCLIP at an equivalent or higher
computational cost. For simple queries (e.g., the third prompt), all approaches
successfully select text-aligned images, confirming that standard generative mod-
els adequately handle low-complexity prompts.

However, our method excels on complex compositions. For "a tall cactus in
a terracotta pot next to a short succulent in a ceramic bowl", only NoisyCLIP
maintains all attributes (plant heights, container materials) using half the com-
putation. Similarly, NoisyCLIP resolves subtle relationships, identifying a cat
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The soft, woolen
blanket draped 
over a plush, 
velvet couch.

A tall cactus in a
terracotta pot next
to a short succulent
in a ceramic bowl.

A cat wearing a 
tiny hat sits under 

a table.

Velvet gloves
resting on the

polished, wooden
surface of a piano.
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the fireplace.
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Fig. 8: Images generated using a best-of-6 strategy. We compare NoisyCLIP with the
CLIP and LatentCLIP-4-plus under two computation budgets: 150 and 300 diffusion
steps (generating all 6 images). Our approach surpasses the baseline at the 150-step
limit and achieves comparable or superior alignment to the full 300-step baselines.

under a table (fifth prompt) that baselines miss at full computation. Further-
more, it distinguishes resting gloves on a piano (sixth prompt) at half the budget,
a nuance where baselines fail completely. By capturing these details early in the
latent space, our results validate that alignment can be measured without the
overhead of full image generation (see Appendix for failure cases).

5.4 Generalization Analysis

Fig. 9: Alignment versus computational
cost for zero-shot generalization on DiTs.

Diffusion Architectures. To eval-
uate the robustness of NoisyCLIP, we
validate its generalization capabilities
on two DiT architectures in a zero-
shot setting. By applying NoisyCLIP
to VAE-decoded latent representa-
tions, we observe consistent improve-
ments over the frozen CLIP baseline
across these distinct models. Specif-
ically, NoisyCLIP achieves a +2%
alignment gain on Stable Diffusion
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3.5 [10] and a +1.8% gain on FLUX.1 [22], alongside a 57% reduction in de-
noising steps (Fig.9).

These findings reinforce two core strengths of our method. First, they demon-
strate that although NoisyCLIP is trained exclusively on data generated by
SDXL, our noise-aware contrastive training effectively transfers to different gen-
erative architectures. Second, the observed alignment gains mirror those achieved
on SDXL (Sec. 5.3), demonstrating that our significant reductions in computa-
tional cost persist even when applied to newer models configured with fewer
denoising iterations (e.g., 28 steps).

Table 1: Performance comparison in latent
and image spaces. We report Factual Con-
sistency (R@1) and Best-of-N (VQAScore).

Model Fact. Consist. BoN

Denoised Latent (it. 21-30)
NoisyCLIP 0.506 0.709
CLIP L14 0.145 0.657
NoisySigLIP 0.194 0.718
SigLIP L16 0.147 0.652

Final Image (it. 50)
CLIP L14 – 0.747
SigLIP L16 – 0.764

NoisyCLIP Backbones. Table 1
shows our approach substantially im-
proves intermediate alignment. In fac-
tual consistency (R@1), NoisyCLIP
boosts CLIP performance by 3.5×.
On the Best-of-N task, it achieves a
0.709 VQAScore (+5% over baseline),
reaching 95% of final-image perfor-
mance midway through generation.

Evaluating backbone transferabil-
ity, NoisySigLIP matches NoisyCLIP
on our primary Best-of-N visual rank-
ing task (0.718 vs. 0.709). Although
NoisySigLIP trails in R@1, this discrepancy is an expected architectural con-
sequence. R@1 tests fine-grained text perturbations, and SigLIP’s sigmoid loss
inherently lacks the discriminative sharpness of CLIP’s softmax for subtle textual
nuances [55]. Thus, our method transfers robustly across backbones for visual
selection, with text-discrimination performance constrained by the base encoder.

6 Conclusions

In this work, we introduced NoisyCLIP, a framework for evaluating language-to-
latent alignment during the reverse diffusion process by quantifying similarity
across intermediate latent representations. Empirical evaluations demonstrate
that NoisyCLIP provides substantial advantages in Best-of-N generation strate-
gies by enabling early-stage discrimination of higher-quality samples. This capa-
bility leads to more efficient use of computational resources, reducing the number
of required diffusion iterations by up to 50% while preserving the fidelity of the
final outputs relative to a full cost solution.

Collectively, these findings establish the feasibility of continuous, in-process
alignment evaluation within latent diffusion models. By leveraging iterative la-
tent information, NoisyCLIP transforms alignment assessment from a purely
post-hoc procedure into an integral component of the generation process ad-
vancing the development of adaptive, controllable, and computationally efficient
multimodal generative systems.
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