






Lemma 1. For z ∈ RM and ν ≤ κ(z), [α-Entmax (z)](ν) ≤ [(α− 1)(z(ν) − z(κ+1) )]
1/(α� 1) .

Proof.

(i) κ < M
From the definition ofκ, we have following properties.

α-Entmax(z)(κ+1) = 0.

z(κ+1) ≤ τ(z)/(α− 1).

Keep the last inequality, and now consider theν’th largest coordinate of Eq. (24), but we can omit+ since it is strictly
positive.

α-Entmax(z)(ν) = [(α− 1)z(ν) − τ(z)]
1/(α� 1)
+

= [(α− 1)z(ν) − τ(z)]1/(α� 1)

≤ [(α− 1)z(ν) − (α− 1)z(κ+1) ]
1/(α� 1)

(ii) κ = M
We use Ḧolder inequality
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to estimate a lower bound ofτ for α ̸= 2. By substitutingai = (α− 1)zi − τ, bi = 1, p = 1/(α− 1), q = 1/(2− α),
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We know that all entries are positive(α− 1)zi − τ > 0 sinceκ = M . Moreover,
X

[(α− 1)zi − τ ]1/(α� 1) = 1

since the left hand side is the sum of the coordinates ofα-Entmax output. Therefore,
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We remain the caseα = 2. We directly sum up the entries of2-Entmax:
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We further estimate the retrieval error of retrieval dynamics defined in PLADIS. We use the notation:

T λ
α (x) := λTα(x) + (1− λ)T1(x).

Then, we have following result for the retrieval error ofT λ
α .



Figure 11. Qualitative comparison of cross-attention average maps across all time steps. Top: Baseline. Middle: PLADIS (with� = 1)
represent only use� -Entmax transformation. Bottom: PLADIS (with� = 2.0). Our PLADIS with� = 2.0 provides a more sparse and
sharp correlation with each text prompt, especially ”rabbit” and ”dog.” Furthermore, other approaches yield incorrect attention maps that
highlight the space between the dog prompt and rabbit space. However, our method provides an exact attention map.

related to the word appears in speci�c areas of the image. We observe that the baseline (dense alignment with softmax)
produces blurrier attention maps for the related words. Moreover, the generated image does not accurately re�ect the text
prompt of a ”small dog,” instead generating a ”small rabbit.” The cross-attention map highlights the small rabbit and a large
rabbit nearby, associated with the dog prompt, resulting in poor text alignment.

When replacing the cross-attention with a sparse version, the maps become more sparse but still generate a ”small rabbit”
and incorrect attention maps. In contrast, our PLADIS produces both sparse and sharp attention maps compared to the
baseline, and correctly aligns the attention maps with the given text prompts. As a result, PLADIS consistently improves text
alignment and enhances the quality of generated samples across various interaction guidance sampling techniques and other
distilled models.

G.3. The Effect of Layer Group Selection

To apply PLADIS in the cross-attention module, we incorporate it into all layers, including the down, mid, and up groups in
the UNet. In SDXL, each group contains multiple layers; for example, the mid group has 24 layers, while the up group has
36 layers. To examine the effect of layer group selection, we focus on groups like the mid and up, instead of studying each
layerex.the �rst layer in the up group. We conduct experiments by varying the groups for the application of PLADIS in the
cross-attention module, as shown in Tab 9.

Similar to previous ablation studies, we generate 5K samples from randomly selected data in the MS COCO validation
set under CFG and PAG guidance. We observe that when applied to a single group, the up group has the most signi�cant
impact compared to others. However, in all cases, the use of PLADIS improves both generation quality and text alignment,
as measured by FID and CLIPScore. Finally, combining all groups yields the best performance, con�rming that no heuristic
search for the target layer is necessary and validating our default con�guration choice.

G.4. Two Extrapolation Strategies

To validate our design choice, we investigate two types of extrapolation strategies using different attention mechanisms: in-
model extrapolation and output-based extrapolation. For in-model extrapolation, we test perturbations using sparse attention,
the identity matrix (PAG), and blurred attention maps (SEG). We observe that only sparse attention consistently improves
performance under extrapolation, while other variants yield semantically meaningless outputs even under minor extrapolation
(Fig. 12). This suggests that sparse attention operates as a valid energy landscape under Modern Hop�eld dynamics, whereas
identity or blurred attention matrices may affect diffusion outputs but fail to de�ne coherent attention dynamics, ultimately
leading to degraded generation quality.



Figure 12. In-model extrapolation results. Other perturbation approaches result in semantically degraded outputs even under minor extrap-
olation, whereas our method consistently improves generation quality.

Table 10. Quantitative comparison on Geneval. Rows denote different methods, and columns denote guidance/backbone combinations.

Method SDXL (CFG) SDXL (CFG + PAG) SDXL (CFG + SEG) FLUX (schnell) FLUX (dev)

Baseline 0.547 0.553 0.551 0.671 0.666
Only Sparse 0.581 0.571 0.582 0.694 0.676
Ours (Extrapolation) 0.594 0.598 0.601 0.713 0.691

We also explore output-based extrapolation using both sparse and dense attention variants. Although the output-based ver-
sion of our method yields better performance than the baseline, it still underperforms compared to our in-model extrapolation
while incurring higher inference costs (Tab. 8). These �ndings further support the ef�ciency and ef�cacy of our in-model
extrapolation approach.

Our design is grounded in a principled integration of Hop�eld retrieval dynamics and diffusion guidance. Speci�cally,
we reinterpret extrapolation as a guidance process between a strong and a weak attention module inside the model. While
diffusion-level extrapolation using blurred or identity attention may produce plausible outputs, such attention forms cannot
act as valid components of attention dynamics. In contrast, sparse attention preserves the energy-based retrieval structure
required for stable and interpretable in-model extrapolation.

G.5. Comparison with Sparse Attention Only

To isolate the bene�t of our extrapolation design beyond simply applying sparse attention, we conduct experiments on the
Geneval benchmark, a reliable dataset for evaluating both text-image coherence and visual quality. As shown in Table 10,
across various guidance settings and even with a more challenging backbone (MMDiT), our method—extrapolation between
sparse and dense attention—consistently outperforms both the baseline and the version using only sparse attention. These
results further validate the effectiveness of our design choice.

H. Additional Qualitative Results

In this section, we present additional qualitative results to highlight the effectiveness and versatility of our proposed method,
PLADIS, across various generation tasks and in combination with other approaches.









Figure 16. Qualitative evaluation of the joint usage PAG [1] with our method: Integrating PAG with PLADIS produces highly credible
images with markedly enhanced correspondence to the text prompt, all achieved without any further inference steps.



Figure 18. Qualitative comparison of the guidance-distilled model with our PLADIS method for one-step sampling: Even with one-step
sampling, our PLADIS enhances generation quality, improves coherence with the given text prompt, and produces visually plausible
images.



Figure 19. Qualitative comparison of the guidance-distilled model using our PLADIS method for four-step sampling: In the case of the
four-step sampling approach, PLADIS substantially improves generation quality, enhances alignment with the provided text prompt, and
produces visually convincing images.



Figure 20. Qualitative comparison by varying the scaleλ: As λ increases, the images display greater plausibility and improved text
alignment. However, excessively high values lead to smoother textures and potential artifacts, similar to those found in CFG. The first two
rows of images are generated using CFG and PAG, while the remaining rows are produced with CFG and SEG. Whenλ is greater than 1,
our PLADIS method is applied. In our configuration,λ is set to 2.0.



Figure 21. Qualitative comparison byα in PLADIS: Although PLADIS withα = 2 also sifgnificantly improves generation quality and text
alignment compared to the baseline (dense cross-attention), PLADIS withα = 1 .5 offers a more robust and coherence given text prompts,
leads to our base configuration asα = 1 .5.


