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Figure 1. Qualitative comparison (Top): guidance sampling methods (CFG[19], PAG[1], SEG[21]) (Mid): guidance-distilled models

(DMD2[64], SDXL-Lightning [33], Hyper-SDXL[44]) (Bottom): Other backbone such as Stable Diffusion 1.5 [46], SANA [62], Flux [30]

with our method, PLADIS(Ours). PLADIS is compatible with all guidance techniques and also supports guidance-distilled models includ-

ing various backbone. It provides the generation of plausible and improved text alignment without any training or extra inference.

Abstract

Diffusion models have shown impressive results in generat-
ing high-quality conditional samples using guidance tech-
niques such as Classifier-Free Guidance (CFG). However,
existing methods often require additional training or neu-
ral function evaluations (NFEs), making them incompatible
with guidance-distilled models. Also, they rely on heuristic
approaches that need identifying target layers. In this work,
we propose a novel and efficient method, termed PLADIS,
which boosts pre-trained models (U-Net/Transformer) by
leveraging sparse attention. Specifically, we extrapolate

†First and corresponding author

query-key correlations using softmax and its sparse coun-
terpart in the cross-attention layer during inference, with-
out requiring extra training or NFEs. By leveraging the
noise robustness of sparse attention, our PLADIS unleashes
the latent potential of text-to-image diffusion models, en-
abling them to excel in areas where they once struggled
with newfound effectiveness. It integrates seamlessly with
guidance techniques, including guidance-distilled models.
Extensive experiments show notable improvements in text
alignment and human preference, offering a highly efficient
and universally applicable solution. See our project page:
https://github.com/cubeyoung/PLADIS

This ICCV paper is the Open Access version, provided by the Computer Vision Foundation.
Except for this watermark, it is identical to the accepted version;

the final published version of the proceedings is available on IEEE Xplore.
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Table 1. Comparison of PLADIS with other sampling methods re-

veals key advantages of ours, with � and � denoting positive

and negative connotations for each category.

Method
Need extra
Training

Need heuristic
Search

Need extra
Inference

Supports guidance-

Distilled Model

CFG [19] � � � �

SAG [22] � � � �

AG [25] � � � �

PAG [1] � � � �

SEG [21] � � � �

PLADIS (Ours) � � � �

1. Introduction
Diffusion models have demonstrated remarkable advance-

ments in generating high-quality images and videos [3, 5,

6, 13, 46, 47, 62]. However, when using naı̈ve sampling

methods, the quality of the generated samples can be subop-

timal. Classifier-Free Guidance (CFG) [19] is a prominent

technique that increases the likelihood of a sample belong-

ing to a specific class by calculating the difference between

the score functions of conditional and unconditional mod-

els, and applying a weighted adjustment. While CFG is ef-

fective, it needs additional training and inference, and can

degrade sample quality when the guidance scale is too high.

Inspired by CFG, various guidance sampling methods

have been explored [1, 7, 21, 22, 25, 31, 48]. Recent re-

search has focused on creating ”weak models” by inten-

tionally weakening a model to guide the stronger, original

model. Although these methods generally improve perfor-

mance, they also come with clear limitations. For example,

AutoGuidance (AG) [25] relies on a poorly trained version

of the unconditional model, which can be challenging and

unstable to train. Alternative attention-based guided sam-

pling methods, independent of the training process, have

also been explored. For instance, Perturbed Attention Guid-

ance (PAG) [1] disrupts self-attention maps by converting

them into identity matrices, while Smooth Energy Guid-

ance (SEG) [21] introduces blurring into attention weights.

These methods are heuristic, as they are applied to specific

layers, introducing additional hyperparameters that need to

be determined through grid search.

Furthermore, all existing guidance sampling methods re-

quire additional neural function evaluations (NFEs) and are

not applicable to guidance-distilled models [33, 37, 44, 50,

59, 64, 66] due to the need to calculate the difference be-

tween conditional and unconditional models or weak mod-

els. These limitations present a challenging and interesting

problem: Can we develop a universal boosting method that
does not require additional training or NFE, can be com-
bined with other guidance sampling methods, and can be
applied to guidance-distilled models?

In this work, we aim to tackle this challenging problem

by adopting attention-based methods in a completely dif-

ferent route. One of the most important contributions of

this paper is the discovery of the importance of classical

result from sparse attention via α-Entmax [41] which in-

cludes softmax and sparsemax [38] as particular cases, and

is sparse for any α > 1 and produce sparse alignment to

assign nonzero probability. Although widely investigated in

natural language processing (NLP) [8, 38, 41, 55], sparse

attention has not yet been extensively utilized within the

realm of computer vision, particularly in diffusion mod-

els. Specifically, our findings demonstrate that substitut-

ing cross-attentions with sparse counterparts during infer-

ence significantly improves overall generation performance.

Rather than weakening models via self-attention, which

requires additional inference time, modifying the cross-

attention mechanism circumvents the need for extra infer-

ence. This ensures compatibility with other guidance sam-

pling methods and guidance-distilled models.

Interestingly, this result can be interpreted through the

lens of modern Hopfield Networks [43] and sparse Hop-

field Networks (SHN) [24, 60]. In these works, the atten-

tion layer mirrors the update rule of Hopfield network to re-

trieve stored patterns. Moreover, there is a noise robustness

advantage when we use sparse counterparts, which supports

the rationale behind our approach in diffusion models.

Building on these findings and insights, we propose a

novel and straightforward method, referred to as PLADIS,

which assigns weights to the differences between sparse

and dense attention to emphasize sparsity. As highlighted

in Tab. 1, our approach effectively addresses the aforemen-

tioned challenges, leading to improved performance and en-

hanced text-image alignment, as demonstrated by extensive

experiments. Our key contributions are as follows:

• We propose a simple but effective method, named

PLADIS, which substitutes cross-attention in diffusion

models with adjusted attention mechanisms that extrap-

olating between sparse and dense cross-attentions.

• We provide a thorough theoretical analysis based on our

understanding of SHN, and propose the error bound and

noise robustness of sparse attention for intermediate spar-

sity case. To the best of our knowledge, this is the first

paper to apply and improve diffusion models from the

perspective of SHN.

• Our method can be combined with other guidance meth-

ods and even guidance-distilled models, does not require

extra training or NFEs. We have demonstrated these ad-

vantages on various benchmark datasets, showing signif-

icant improvements in sample image quality, text-image

alignment, and human preference evaluation.

2. Preliminary

2.1. Diffusion Models

Diffusion models (DM) [20, 53] are a class of genera-

tive models designed to learn the reverse of a forward

noise process by leveraging the score function of the data
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distribution. Specifically, given a data distribution x0 ∼
q(x0) := qdata(x), the forward process iteratively adds noise

to the data according to a Markov chain q(xt|xt−1) ∼
N (

√
1− βtxt−1, βtI) for t = 1, . . . , T with pre-defined

schedule {βt}t=1,...,T . Consequently, the distribution of a

latent variable is q(xt) = N (
√
ᾱtx0, (1 − ᾱt)I) and the

distribution of last one approximates to an isotropic Gaus-

sian distribution q(xT ) ≈ N (0, I), where αt = 1 − βt, ᾱt

=
∏t

i αi. The reverse process is modeled as pθ(xt−1|xt) =
N (μθ(xt, t),Σθ(xt, t)). This model can be trained with

variational bound on log likelihood [20] or trained with a

score function in continuous time formulation [53]. Both

training objectives are reformulated with denoising score

matching (DSM) [57]:

min
θ

Ext=
√
ᾱtx0+

√
1−ᾱtε,ε∼N (0,I) [‖εθ(xt, t)− ε‖22]. (1)

Sampling process is conducted as the learned reverse

process starting from the isotropic Gaussian distribution.

For instance, given xT ∼ N (0, I), DDIM [52] samples x0

are computed as follow:

xt−1 =
√
ᾱt−1x̂0(t) +

√
1− ᾱt−1εθ(xt, t), (2)

where x̂0(t) := E[x0|xt] = (xt −
√
1− ᾱtεθ(xt, t))/

√
ᾱt

is the denoised estimate by Tweedie’s formula [11, 26]. This

process is repeated from T to 1.

2.2. Guidance Sampling in Diffusion Models
In order to generate samples following condition given by

users, diffusion models are extended to conditional gener-

ative models [19, 45] with additional inputs in the models:

min
θ

Ext,ε,c [‖εθ(xt, t, c)− ε‖22],

where xt, ε are sampled same as Eq. 1 and c denotes a

specific condition that x has, in most cases the embedding

of a class or text. However, since vanilla sampling often

results in suboptimal performance for conditional gener-

ation, various guidance sampling methods have been ex-

tensively explored to enhance sample quality [1, 7, 10,

19, 21, 22, 25, 48]. For clarity, let us shorten the nota-

tion as εθ(xt, c) := εθ(xt, t, c) and denote the uncondi-

tional model as εθ(xt,∅), where ∅ represents the null con-

dition. Classifier-Free Guidance (CFG) adjusts the class-

conditioned probability relative to the unconditional one,

becoming p̂(xt|c) = p(xt|c)
(

p(xt|c)
p(xt|∅)

)w

, resulting in an

adjusted sampling process:

xt−1 =
√
ᾱt−1x̂0(t) +

√
1− ᾱt−1ε

′
θ(xt, t), (3)

ε′θ(xt, c) = εθ(xt, c) + w(εθ(xt, c)− εθ(xt,∅)), (4)

where w is the guidance scale. Recently, ”weak model”

guidance has been introduced, which weakens the condi-

tional model and computes the difference with the normal

conditional output as follow:

ε′′θ (xt, c) = εθ(xt, c) + s(εθ(xt, c)− ε̃θ(xt, c)) (5)

where s is the guidance weight, and ε̃ represents a

model that is intentionally weakened or perturbed, achieved

through various heuristic methods. For instance, AG [25]

uses a flawed model variant, PAG [1] replaces self-attention

weights with an identity matrix, SEG [21] blurs attention

weights, Time Step Gudiance (TSG) [48] perturbs timestep

embeddings, and SelfGuidance [31] alters noise levels.

While effective, these approaches lack a clear theoretical

foundation and have limitations: 1) they require specific

layer identification, 2) increase computational cost with

added NFEs, and 3) are incompatible with step-distilled

models. Our method overcomes all of these limitations.

2.3. Energy-Based Interpretations of Attention
Attention mechanisms, following their distinct success,

have recently been applied across various fields, including

diffusion models [4, 16, 27, 35, 40, 54]. An energy-based

model perspective has revealed their connection to Hopfield

energy functions [24, 43, 60]. In Hopfield networks, the

goal is to associate an input query x with the most relevant

pattern ξ by minimizing the energy function E(x) through

retrieval dynamics T . In modern Hopfield networks [43],

energy functions and dynamics has been proposed, which is

equivalent to attention mechanisms:

E(x)Dense := −lse(β,Ξ�x) +
1

2
〈x,x〉, (6)

TDense(x) := ΞSoftmax(βΞ�x) (7)

where x ∈ R
d, Ξ = [ξ1 · · · , ξM ] ∈ R

d×M , and

lse(β, z) := log
(∑M

i=1 exp(βzi)
)
/β denotes log-sum-

exponential function for any given vector z ∈ R
M and

β > 0. It mirrors the attention mechanism in transformers

and providing a theoretical basis for its success.

Since sparse attention was introduced for its ef-

ficiency [8, 38, 41, 55], the Sparse Hopfield net-

work (SHN) [24, 60] was also proposed, extending the

previous connection. The energy function was modified to

make sparse the computation of retrieval dynamics:

Eα(x) := −Ψ�
α(β,Ξ

�x) +
1

2
〈x,x〉, (8)

Tα(x) := Ξα-Entmax(βΞ�x), (9)

and Ψ�
α is the convex conjugate of Tsallis entropy [56],

Ψα, α-Entmax(z), represents the probability mapping:
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Figure 2. Conceptual comparison between other guidance methods [1, 19, 21] and PLADIS: Existing guidance methods require extra

inference steps due to undesired paths, such as null conditions or perturbing self-attention with an identity matrix or blurred attention

weights. In contrast, PLADIS avoids additional inference paths by computing both sparse and dense attentions within all cross-attention

modules using a scaling factor, λ. Moreover, PLADIS can be easily integrated with existing guidance approaches by simply replacing the

cross-attention module.

Ψα(p) :=

{
1

α(α−1)

∑M
i=1(pi − pαi ), α 	= 1,

−∑M
i=1(pi − log pi), α = 1,

(10)

α-Entmax(z) = argmax
p∈ΔM

[〈p, z〉 −Ψα(p)], (11)

where p ∈ R
M . Here, α controls the sparsity. When

α = 1, it is equivalent to a dense probability mapping,

1-Entmax = Softmax, and as α increases towards 2, the

outputs of α-Entmax become increasingly sparse. Simi-

lar to TDense, Tα can be extended to attention mechanisms,

establishing a strong connection with sparse attention. For

α = 2, the exact solution can be efficiently computed us-

ing a sorting algorithm [15, 39]. For 1 < α < 2, inaccu-

rate and slow iterative algorithm was used for computing

α-Entmax [36]. Interestingly, for 1.5-Entmax, an exact

solution are derived in a simple form [41]. In SHN, spar-

sity reduces retrieval errors and provide faster convergeness

compared to dense retrieval dynamics [24, 60].

As mentioned, the retrieval dynamics of modern and

sparse Hopfield energy can be converted into an attention

mechanism as follows:

At(Qt,Kt,Vt) = Softmax(QtK
�
t /

√
d)Vt (12)

Atα(α,Qt,Kt,Vt) = α-Entmax(QtK
�
t /

√
d)Vt (13)

where Atl denotes original (dense) attention layer, and Atα

represents sparse attention module with α-Entmax opera-

tor at lth layer. Both attention layers can be applied to self

and cross-attention layers. Qt, Kt, and Vt represent the

query, key, and value matrices at time step t, respectively,

and d is the dimensionality of the keys and queries. Note

that with β = 1/
√
d, weight matrices, and operators, TDense

in Eq. (7) and Tα in Eq. (9) are reduce to the transformer

attention mechanism Eq. (12) and Eq. (13), respectively.

More details are available in supplement B.

Noise robustness of sparse Hopfield network While the

sparse extension is an efficient counterpart of dense Hop-

field network, it has been discovered that there is more ad-

vantages to use sparse one besides efficiency [24, 60].

Theorem 1. (Noise-Robustness) [24]. In case of noisy pat-
terns with noise η, i.e. x̃ = x + η (noise in query) or
ξ̃μ = ξμ + η (noise in memory), the impact of noise η on
the sparse retrieval error ||T2(x) − ξμ|| is linear, while its
effect on the dense retrieval error ||TDense(x) − ξμ|| is ex-
ponential.

where ξμ is memory pattern and to be considered stored

at a fixed point of T . This theorem suggests that under

noisy conditions, sparse attention mechanisms exhibit supe-

rior noise robustness compared to standard dense attention,

leads the lower retrieval error.

3. Main Contribution : PLADIS
Motivated by advantages of sparse attention presented in

previous section, we aimed to enhance text to image (T2I)

diffusion model by sparsifying attention modules as de-

scribed in Eq. (13). In the following sections, we investigate

sparse attention in self- and cross-attention for T2I diffusion

(Sec. 3.1), explore the effect of sparsity in α-Entmax for

α > 1 (Sec. 3.2) and connect SHN’s noise robustness with

sparse attention for 1 < α ≤ 2 in T2I models (Sec. 3.3). Fi-

nally, we introduce PLADIS, a cost-effective enhancement

method for T2I diffusion models (Sec. 3.4).

3.1. Sparse Attention for T2I Generation
To evaluate the efficacy of sparse attention mechanisms in

text-to-image diffusion models, we first replace the standard
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Figure 3. Effectiveness of sparse attention mechanisms compared

to baseline in (a) self- and (b) cross-attention variants.

self-attention with their sparse variants, specifically using

α-Entmax with α = 1.5 and 2.0 as shown Fig 3 (a). Al-

though Theorem 1 applies to both self and cross-attention,

we empirically observe that in the case of self-attention

(i.e., image-to-image), most entries of α-Entmax(QK�)
are concentrated along the diagonal. This behavior causes

each patch to attend primarily to itself, severely limiting

inter-pixel interactions and ultimately leading to failure

in image generation. Surprisingly, substituting the cross-

attention module with its sparse counterpart leads to en-

hanced generation quality and better text alignment, al-
though the model was not trained with the sparse attention
modules. As shown in Fig. 3 (b), the baseline results are un-

able to accurately generate the text ”Boost.” In contrast, the

sparse variants achieve successful and accurate text genera-

tion. Further evidence of these improvements can be found

in Fig 4. This intriguing discovery regarding the use of

sparse cross-attention within T2I diffusion models serves

as the primary impetus behind our proposed algorithm.

3.2. Effect of Sparsity in Cross-Attention Module

We further explore the effect of sparsity in the sparse at-

tention mechanism within the cross-attention module of

T2I diffusion models. Notably, α-Entmax transforms are

sparse for all α > 1. To assess sparsity’s impact, we replace

standard cross-attention layers with sparse ones and gen-

erate 5K samples from the MS-COCO validation dataset

using CFG guidance, varying α as shown in Fig.4. Inter-

estingly, increasing sparsity (higher α) improves generation

quality, text alignment, and human preference scores with-

out additional training. Cross-attention with softmax results

in dense alignments and strictly positive output probabili-

ties, but sparse cross-attention produces sparse alignments,

ensuring a stricter match between image and text embed-

dings. It leads to overall improvement in performance.

3.3. Connection With Noise Robustness of SHN

To further verify why performance improves when 1 < α ≤
2, we introduce retrieval error of dynamics for this case:

Theorem 2 (Retrieval Error). Let Tα be the retrieval dy-

Figure 4. Comparison of α values in α-Entmax on the MS-

COCO dataset with CFG and PAG guidance.

namics of Hopfield model with α-Entmax.

For 1 < α ≤ 2,||Tα(x)− ξμ|| ≤ m+mκ
[
(α− 1)β(

max
ν

〈ξν ,x〉 − [Ξᵀx](κ+1)

) ] 1
α−1

, (14)

Here, we abuse the notation [Ξᵀx](d+1) := [Ξᵀx](d) −
M1−α/(α− 1).

For proof, see supplement B. Based on our proposed error

bound, we can derive the noise-robustness for 1 < α ≤ 2.

Corollary 2.1. (Noise-Robustness) In case of noisy pat-
terns with noise η, the impact of noise on the retrieval error
||Tα(x)− ξμ|| is polynomial of order 1

α−1 for 1 < α ≤ 2.

This theorem and corollary suggest that Tα also take plea-

sure in noise robustness for 1 < α ≤ 2, leads the lower

retrieval error. In T2I diffusion models, cross-attention lay-

ers process query, key, and value matrices from noisy im-

ages and text prompts. Due to Gaussian noise corruption

in the diffusion process, the query matrix is inherently per-

turbed. Building on this and Theorem 1, 2, and Corol-

lary 2.1, the observed performance improvement, especially

with increasing α, reflects the noise robustness of sparse at-

tention, as shown in Fig. 4. By linking these gains to the

theoretical guarantees of SHN, we provide a stronger foun-

dation for the efficacy of sparse-cross attention in DMs.

3.4. Our Approach : PLADIS
Building on our exploration of sparse attention, we pro-

pose a simple yet more effective approach called PLADIS.

Specifically, we aim to enhance the benefits of sparse at-

tention (as shown in Fig. 4) without introducing additional

neural function evaluations (NFEs). Inspired by guidance

methods like CFG, PAG, and SEG, we extrapolate query-

key correlations in both dense and sparse attentions.

AtOurs(α, λ,Qt,Kt,Vt) := At(Qt,Kt,Vt) +

λ
(
Atα(α,Qt,Kt,Vt)− At(Qt,Kt,Vt)

)
(15)

The scale parameters λ is a hyperparameter and determine

the extent to which sparse attention effects are accentuated.

When λ = 0, the formula is equivalent to the baseline

model, and when λ = 1, it represents the model in Sec. 3.2.
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Algorithm 1: Diffusion Sampling with PLADIS

and other guidance methods

Input: Diffusion model εθ(xt) with cross-attention

module At(·) at layer l, total number of

cross-attention layers L, scales λ.

1 for l in 1, , · · · , L do
2 Replace At(·) with AtOurs(·) by Eq. 15

3 xT ∼ N (0, I)
4 for t in T, T − 1, · · · , 1 do
5 if CFG then
6 Compute εθ(xt, c) by Eq. 4

7 if PAG or SEG then
8 Compute εθ(xt, c) by Eq. 5

9 x̂0(t) = (xt −
√
1− ᾱtεθ(xt, c))/

√
ᾱt

10 xt−1 =
√
ᾱt−1x̂0(t) +

√
1− ᾱt−1εθ(xt, c)

return: x0

When λ > 1, our PLADIS is applied. The sparsity degree

1 < α ≤ 2 is another hyperparameter, but we only consider

two options α = 1.5 and α = 2 , where efficient algorithms

are known to exist.

Here, we emphasize the generalizability of our method.

Other methods that modify the attention module require

hyperparameter search for target layers. However, for

PLADIS, applying Eq. (15) to all cross-attention layers is

sufficient, which makes our method more easily extendable

to other cases. Nevertheless, we conduct an ablation study

in Tab. 9 for varying target layers and find that applying it to

all layers is the optimal choice. (See supplement G) More-

over, unlike other guidance methods, our method is implicit

in that it does not require an additional step, enabling ours

to be extended to guidance-distilled models.

4. Experiment
Implementation Detail In our experiments, we use Stable

Diffusion XL (SDXL) [42] as the backbone model to vali-

date the effectiveness of our proposed methods. The results

on other backbone is available in supplement E. All exper-

iments are conducted on a single NVIDIA H100 GPU. For

the calculation of the α-Entmax function, we utilize an

open-source library†. We set α to 1.5 and the scale λ to 2.0

as the baseline.

Evaluation Metric To comprehensively assess our method,

we employ various evaluation metrics. For visual fidelity,

we calculate the Frechet Inception Distance (FID) [18] of

images generated from 30K random prompts from the MS-

COCO validation set [34]. To evaluate text-image alignment

and user preference, we measure CLIPScore [17], ImageRe-

ward [63], PickScore [28], and Human Preference Score

†https://github.com/deep-spin/entmax

Table 2. Quantitative results of various guidance methods on the

MS-COCO dataset. Bold text indicates the best performance for

each metric across the different methods.

CFG Method FID ↓ CLIPScore ↑ ImageReward ↑

�

Vanilla 83.68 20.92 -1.050

+ Ours 79.72 (-3.96) 21.86(+0.89) -0.858 (+0.19)

PAG [1] 29.36 24.03 -0.011

+ Ours 24.51 (-4.85) 24.85 (+0.93) 0.251 (+0.31)

SEG [21] 38.08 23.71 -0.139

+ Ours 33.19 (-4.89) 24.63 (+1.02) 0.134 (+0.28)

�

Vanilla 23.39 25.91 0.425

+ Ours 19.01 (-4.38) 26.61 (+0.70) 0.622 (+0.20)

PAG [1] 24.32 25.42 0.478

+ Ours 20.11 (-4.21) 26.41 (+0.99) 0.726 (+0.25)

SEG [21] 26.80 25.39 0.431

+ Ours 22.08 (-4.80) 26.49 (+1.10) 0.689 (+0.26)

Table 3. Quantitative comparison of text alignment and human

preference across datasets using various guidance methods. For

PAG, SEG, CFG guidance is used jointly. Bold text indicates the

best performance for each metric.

Dataset Method CLIPScore ↑ PickScore ↑ ImageReward ↑ HPSv2 ↑

Drawbench [49]

CFG [19] 26.63 21.72 0.198 26.83

+ Ours 27.72 (+1.09) 21.94 (+0.22) 0.419 (+0.22) 27.10 (+0.24)

PAG [1] 26.19 21.94 0.295 28.65

+ Ours 27.23 (+1.05) 22.16 (+0.22) 0.570 (+0.27) 28.93 (+0.28)

SEG [21] 26.06 21.79 0.291 28.71

+ Ours 27.41 (+1.34) 21.99 (+0.20) 0.497 (+0.21) 29.08 (+0.37)

HPD [61]

CFG [19] 29.00 21.98 0.567 28.53

+ Ours 29.78 (+0.78) 22.11 (+0.13) 0.693 (+0.13) 28.54 (+0.01)

PAG [1] 28.01 22.13 0.637 30.64

+ Ours 28.93 (+0.92) 22.35 (+0.22) 0.828 (+0.19) 31.12 (+0.48)

SEG [21] 28.21 21.98 0.673 30.48

+ Ours 29.21 (+1.00) 22.15 (+0.17) 0.786 (+0.11) 30.75 (+0.27)

Pick-a-pic [28]

CFG [19] 27.08 21.30 0.340 28.05

+ Ours 27.97 (+0.89) 21.69 (+0.09) 0.466 (+0.13) 28.14 (+0.09)

PAG [1] 26.34 21.49 0.467 29.91

+ Ours 27.31 (+0.97) 21.67 (+0.18) 0.668 (+0.20) 30.38 (+0.47)

SEG [21] 26.48 21.36 0.461 29.38

+ Ours 27.50 (+1.02) 21.48 (+0.12) 0.613 (+0.15) 30.15 (+0.77)

(HPS v2.1)[61]. Additionally, our model is evaluated us-

ing text prompts from not only MS-COCO but also Draw-

bench [49], HPD [61], and Pick-a-Pic [28]. More details are

provided in the supplement C.

5. Results

Results with Guidance Sampling To rigorously evaluate

the effectiveness of our method, we generate 30K sam-

ples both with and without CFG, applying various guid-

ance sampling techniques, including PAG [1] and SEG [21].

In this setup, we use 25 sampling steps, and detail setting

are available in supplement C. As shown in Tab. 2, the use

of PLADIS without any additional guidance sampling no-

ticeably enhances visual quality, text alignment, and user

preference. Furthermore, our method integrates seamlessly

with different guidance approaches, offering straightfor-

ward yet impactful improvements when CFG and weak
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Table 4. Quantitative comparison across various datasets using 4-steps sampling with the guidance-distilled model.

Drawbench [49] HPD [61] Pick-a-pic [28]

Method CLIPScore ↑ PickScore ↑ ImageReward ↑ CLIPScore ↑ PickScore ↑ ImageReward ↑ CLIPScore ↑ PickScore ↑ ImageReward ↑
Turbo [50] 27.81 22.11 0.555 29.06 22.39 0.733 27.41 21.75 0.625

+ Ours 28.55 (+0.73) 22.18 (+0.07) 0.601 (+0.05) 29.56 (+0.50) 22.44 (+0.05) 0.754 (+0.02) 27.92 (+0.52) 21.77 (+0.02) 0.657 (+0.03)

Light [33] 26.86 22.30 0.625 28.77 22.70 0.931 27.19 22.03 0.827

+ Ours 27.70 (+0.84) 22.39 (+0.09) 0.738 (+0.11) 29.41 (+0.64) 22.76 (+0.06) 1.011 (+0.08) 27.91 (+0.72) 22.09 (+0.06) 0.891 (+0.07)

DMD2 [64] 28.08 22.39 0.829 29.78 22.55 1.002 28.14 21.88 0.983

+ Ours 28.38 (+0.30) 22.41 (+0.02) 0.919 (+0.09) 29.94 (+0.16) 22.60 (+0.05) 1.043 (+0.04) 28.53 (+0.39) 21.91 (+0.03) 0.993 (+0.01)

Hyper [44] 27.51 22.53 0.768 29.27 22.86 1.123 27.63 22.15 1.023

+ Ours 28.22 (+0.71) 22.60 (+0.07) 0.867 (+0.10) 29.80 (+0.53) 22.96 (+0.10) 1.184 (+0.06) 28.27 (+0.64) 22.23 (+0.08) 1.111 (+0.09)

Figure 5. Qualitative comparison by varying the scale λ. As the scale λ increases, images represent improved plausibility and enhanced

text alignment. But too high a value leads to smoother textures and potential artifacts, similar to those seen in CFG. When λ is greater than

0, our PLADIS method is applied. In our configuration, λ is set to 2.0.

model guidance are used together. To further substantiate

these findings, we conducted experiments on a human pref-

erence dataset, as illustrated in Tab. 3. Our analysis re-

veals that ours consistently delivers substantial performance

gains across all metrics and guidance techniques. Further-

more, the synergy between our method and existing guid-

ance methods results in more visually appealing outputs

and improved text-image coherence, as shown in Fig. 1 and

5. Further comparisons are provided in supplement H. No-

tably, the combination of PLADIS with CFG and PAG pro-

vide superior results, establishing itself as a leading candi-

date among guidance approaches.

Unleashing restrained concepts In Fig. 5, the baseline

model does not produce the concepts correctly. It initially

appears that the concept (spatial relation) is difficult for the

model to learn and that a superior model is required to gen-

erate such concepts. However, the model already possesses

knowledge of the relation; it merely fails to fully utilize its

learned information. All we need is modifying inference

steps to enable utilization, effectively surfacing the model’s

pre-existing knowledge and allowing it to fully realize and

express previously latent concepts.

Results on Guidance-Distilled Model To validate the

effectiveness of our method on the guidance-distilled

model, we conduct experiments using various baselines

with 4-steps sampling across different datasets, as shown

in Tab. 4. For the baselines, we employ several state-

of-the-art methods, including SDXL-Turbo [50], SDXL-

Lighting (Light) [33], Distribution Matching Distillation 2

(DMD2) [64], and Hyper-SDXL [44]. Notably, our method

significantly enhances overall performance, particularly in

terms of text alignment and human preference, across all

baselines. The introduction of PLADIS improves the vi-

sual quality of samples compared to those produced by the

baselines, as shown in Fig. 1. Furthermore, we observe that

PLADIS also improves performance in one-step sampling.

Due to space limitations, further examples and details are

provided in the supplement F and H.

User Preference Study Beyond the automated metrics, we

aim to assess the practical effectiveness of PLADIS in terms

of sample quality and prompt alignment. To evaluate human

preference in these aspects, we have evaluators assess pair-

wise outputs from the model with and without PLADIS, as-

sociated with two questions. Fig. 7 presents the user study

results. Notably, all guidance methods and distilled models

with ours outperform those without ours in both image qual-

ity and prompt alignment. Especially, the models with ours

significantly improve prompt coherence. Further details of

the user preference study are available in supplement D.

Extension to Broader Frameworks and Backbones. We

validate the generalizability of PLADIS across diverse

backbones and inference settings. On the MMDiT back-

bone [12], including Flux-Schnell and dev variants [30],

PLADIS achieves notable gains on the Geneval bench-
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Figure 6. (a) Comparison with and without our method in Flux. (b)

Comparison results in FreeU and ControlNet.

Table 5. Ablation study on the α scale for α-Entmax with 25

steps. Inference time is measured per prompt.

α 1 1.25 1.5 1.75 2 Ours(α = 1.5) Ours(α = 2)

FID ↓ 33.76 32.13 31.53 31.11 30.87 27.87 (-5.89) 26.88 (-6.88)

CLIPScore ↑ 25.41 25.76 25.87 25.91 25.95 26.41 (+1.00) 26.56 (+1.15)

ImageReward ↑ 0.478 0.617 0.647 0.653 0.648 0.726 (+0.25) 0.649 (+0.001)

Inference Time (sec) ↓ 2.521 9.172 3.085 9.097 2.785 3.087 (+0.56) 2.788 (+0.28)

Memory (G) ↓ 16.44 16.56 16.45 16.56 16.45 16.45 (+0.01) 16.45 (+0.01)

Table 6. Quantative comparison

on Geneval.

Method Overall Score

FLUX (schnell) 0.671

+ Ours 0.713

FLUX (dev) 0.666

+ Ours 0.691

Figure 7. User Preference Study.

mark [14], which evaluates both visual quality and prompt

alignment (Tab 6, Fig 6(a)). PLADIS also complements

FreeU [51], enhancing fidelity and coherence when com-

bined (Fig 6(b, top); see also Supp. Tab 8).

Furthermore, we apply PLADIS to ControlNet [65] for

structure-guided generation. As shown in Fig 6(b, bottom),

PLADIS improves semantic accuracy, especially for com-

plex prompts (e.g., “heavily broken red car”) that vanilla

ControlNet tends to oversimplify. These results confirm

PLADIS’s broad compatibility and effectiveness across

models and inference-time methods.

6. Ablation Study and Analysis
The Effect of α We investigate the impact of α by adjust-

ing its value in α-Entmax, as shown in Fig. 4 and Tab. 5.

We generate 5K samples using CFG and PAG guidance on

MS-COCO dataset. When α = 1, this corresponds to base-

line sampling with the Softmax operation. For α > 1, the

cross-attention mechanism is replaced with the correspond-

ing operation in α-Entmax. Notably, introducing spar-

sity into cross-attention consistently enhances performance

across all instances for α > 1, supporting our theoretical

findings on noise robustness of sparse attention in diffusion.

In PLADIS, α values such as 1.5 and 2 are considered can-

didates. Our approach (α = 2) provides the best performance

in terms of FID and CLIPScore but obtains inferior results

for ImageReward. An α value of 1.5 offers balanced im-

provements across all metrics, making it our default setting.

Figure 8. Ablation study on the scale, λ, for PLADIS.

Computation Cost To evaluate the efficiency of PLADIS,

we compare inference time and memory usage in VLAM by

varying α, as shown in Tab. 5. Unlike other guidance tech-

niques, our PLADIS does not need extra inference at each

time step, though it does involve calculating α-Entmax
systematically. We observe that our method delivers the

best performance while sacrificing minor processing time

per prompt (0.56 seconds) and memory consumption (0.01

GB) compared to the baseline. Notably, our default setting

(α=1.5) is approximately 3× faster than other α values, ex-

cept for α = 2, and shows negligible differences compared

to α = 1.5 without PLADIS.

The Scale λ The scale λ controls how much sparse attention

with α-Entmax deviates from dense attention. A higher

scale increases the influence of sparse attention relative to

dense attention during denoising. In our empirical study, we

sample 5K images with scales from 1.0 to 3.0, evaluating

results using FID, CLIPScore, and PickScore (Fig. 8). Ours

achieves peak performance at a scale of 2.0 for FID and

CLIPScore, and at λ = 1.5 for PickScore. Additionally,

increasing the value of (λ), the visual quality and text align-

ment are improved, as demonstrated in Figure 5. Based on

these findings, we set the default configuration to (λ = 2.0).

β and temperature Besides the hyperparameters α and

λ, we can alter β (default = 1/
√
d), which corresponds to

α-Entmaxwith different temperatures (often referred to as

inverse temperatures) [24]. We find that our method is ex-

tendable to different β (temperature). See supplement G.1.

7. Conclusion

In this study, we introduce PLADIS, a novel approach

to diffusion sampling that integrates the weight of sparse

cross-attention, deviating from the dense cross-attention

mechanism. Furthermore, by introducing a retrieval error

bound in the case of 1 < α ≤ 2, we establish a connec-

tion between the noise robustness of sparse cross-attention

in DMs. We provide in-depth analyses of sparsity in the

cross-attention module for T2I generation. Building upon

these analyses, we achieve significant improvements dur-

ing inference time in generation across various guidance

strategies and guidance-distilled models with our PLADIS.

We believe PLADIS paves the way for future research in

multimodal generation and alignment, with potential appli-

cations in domains requiring precise multimodal alignment

via cross-attention.
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