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Abstract. Rotary positional embeddings (RoPE) are widely used in
diffusion transformers (DiTs) to encode spatial relationships, yet their
behavior with mixed-resolution tokens remains underexplored. A natu-
ral approach is to rescale token positions from different resolutions into
a unified coordinate system before attention, but we show this fails. Our
analysis shows that with RoPE, the attention similarity score is a highly
structured and periodic function of token distance, so rescaling distances
across resolutions moves token pairs to different regions of this periodic
function, leading to incorrect attention scores. Motivated by this, we in-
troduce Phase-Aligned Mixed-Resolution Attention (PMA), a training-
free mechanism that stabilizes mixed-resolution attention. PMA modifies
the RoPE position mapping to enforce a consistent positional scale for ev-
ery query—key pair, ensuring that relative distances are evaluated under a
single reference scale. To further improve local coherence near resolution
transitions, we incorporate a lightweight boundary refinement module
that softly exchanges features across adjacent scales. Experiments on
image and video diffusion models validate our analysis and demonstrate
consistent improvements in visual fidelity and computational efficiency.
Project page: https://hao-yu-wu.github.io/mixed_res/.
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1 Introduction

Improving the efficiency of diffusion models has become a central challenge in
modern generative modeling. As the resolution of images and videos increases,
the quadratic cost of attention quickly dominates computation, making high-
resolution generation increasingly expensive [5,/99,109]. A promising strategy to
mitigate this cost is mixed-resolution processing [15}38}[77./84]: coarse resolution
for background or non-essential regions, and higher resolution for important
regions to capture fine-grained details. By allocating computation adaptively,
mixed-resolution denoising can, in principle, deliver sharper details without the
full cost of uniformly high-resolution attention.

In practice, however, we observe diffusion transformers (DiTs) [38,43,95] often
struggle under mixed-resolution processing. When tokens from different resolu-
tions are processed together in a single attention operation, the results often
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(a) LR (b) Ours (c) Our Generated Samples

Fig.1: Our method enables stable mixed-resolution denoising (b), performing
high-resolution (HR) denoising on salient regions (blue boxes) while simultaneously
denoising the remaining areas at low resolution (LR). (a) shows a low-resolution base-
line. (c) presents image and video samples generated by our method.

exhibit blur and unstable artifacts, even when positions are carefully rescaled
into a unified coordinate system, as shown in Sec. ] We find that the root
cause lies in the interaction between attention and Rotary Positional Embed-
dings (RoPE) [8 7 which is the standard positional encoding in modern large
language models |2 .'...,. 93| and diffusion transformers |32 .,.,.,-,-

In essence, RoPE works by rotating token embeddings according to their po-
sitions. We find that such transformation introduces a strong position-dependent
scale bias into every attention score. As we will show empirically (see Fig. [3)) and
theoretically (see Eq. (6]), the expected cosine similarity between a query—key
pair follows a sinusoidal-like curve k(A), as a function of their relative token
distance A. This means that token pairs at certain distances tend to have artifi-
cially higher or lower similarity scores, on top of what token content alone would
dictate. When all tokens share the same resolution, this bias is consistent and the
model learns to work with it naturally. The problem arises in mixed-resolution
settings: any attempt to unify LR and HR tokens into a shared positional space
will distort the native distance scale of at least one group, compressing or stretch-
ing their pairwise distances and shifting them to different regions (phases) of the
k(A) curve. Some pairs get artificially high attention scores, others get sup-
pressed, rendering the outputs blurry or with random image artifacts.
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Motivated by this diagnosis, we introduce Phase-Aligned Mixed-Resolution
Attention (PMA), a training-free mechanism that stabilizes mixed-resolution
attention. PMA modifies the RoPE position mapping so that, for every token-
level attention, the token positions always share the same reference scale that
the model was trained on. To further improve local continuity near resolution
transitions, we incorporate a lightweight boundary refinement module that softly
exchanges features across adjacent scales. Combined with a practical coarse-to-
fine denoising schedule, our approach enables stable, high-fidelity, and efficient
generation for images and videos. As illustrated in Fig.[I] by supporting targeted
regions to be processed at higher resolution, our method unlocks fine-grained
detail and new possibilities for controllable, high-quality content generation.

Our contributions are:

— We uncover and formally analyze a structural limitation of RoPE that makes
mixed-resolution attention inherently unstable.

— We propose Phase-Aligned Mixed-Resolution Attention (PMA), a training-
free mechanism that restores stability by enforcing a consistent and native
positional scale, along with a lightweight boundary refinement module.

— We demonstrate stable and efficient mixed-resolution image and video gen-
eration with substantially enhanced fine-grained details.

2 Related Work

Diffusion Transformers (DiTs). Replacing U-Nets with transformers has
proven highly scalable for diffusion models, with DiTs operating on latent patches
and achieving state-of-the-art generation [66]. Multimodal variants further im-
prove text-to-image [8l{241/43}/45/50,871{100] and text-to-video |27}32)61}7295/117|
alignment and visual fidelity [47,/48][102}103].

Positional Encoding. A key choice in DiTs is the positional encoding. RoPE
|85] rotates queries and keys using frequency-based phases and is now standard
across vision [17}[29}/33,/58l/92] and language transformers [14}(161/23[88]/89]. Work
on extending RoPE beyond its trained context—Ilinear interpolation, NTK-aware
scaling, YaRN—targets long-range extrapolation [12,/19,(67,|68]. Trainable or
Lie-group generalizations [65,/107] aim to improve robustness across resolutions,
while alternatives like ALiBi [73]|, XPos [86], and other relative schemes pursue
greater stability. However, prior efforts concentrate on language or long-context
vision tokens [114], instead of our mixed-resolution setting.

Diffusion Acceleration. Many acceleration methods reduce either step count
or per-step compute and are orthogonal to our focus |22]|. Token-reduction tech-
niques merge, prune, or route tokens to lower cost with minimal degradation
[547,11/106.108,109]. Model-compression approaches—quantization [9,{18}/46\81],
distillation [28}/49,/112], block pruning [25}62./80], and structured or unstructured
pruning [6}26}/301|94}113|—trade capacity for efficiency. Feature-caching meth-
ods [10,/60L62/97] reuse hidden states across steps [1,|40L[53L/63},/119], sometimes
with selective token routing [54455{106]. Sampler advancements cut step counts
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without retraining [56,/57,/82,/115},|116], and progressive distillation or consis-
tency models push toward few- or one-step generation [59,/79,83]. Coarse-to-fine
and multi-stage diffusion pipelines reduce compute while maintaining fidelity,
often operating in VAE latents [13}/76]. Two-stage [69,|71] and cascaded sys-
tems are common [34139}/78,/90]. Other approaches explore high-low-high strate-
gies [91], region-adaptive sampling [54], latent-space super-resolution [37], and
patch-based schemes [20].

To the best of our knowledge, our work is the first to focus on mixed-
resolution generation. The closest prior work is RALU [38], which uses mixed-
resolution as the intermediate stage of a coarse-to-fine pipeline; however, it relies
on linear interpolation of RoPE, overlooks RoPE phase mismatch across resolu-
tions, and compensates with additional noise and extra steps.

3 Understanding RoPE Interpolation Failures in
Mixed-Resolution Denoising

In this section, we investigate why mixed-resolution denoising destabilizes DiTs.
We show that RoPE imposes a strong positional scale bias on attention scores
as a function of token distance, following a structured sinusoidal pattern and
systematically inflates or deflates similarity scores on top of what token content
alone would dictate. In mixed-resolution settings, forcing LR and HR tokens into
a shared positional coordinate space corrupts this distance structure, producing
systematically wrong attention scores that manifest as blur and visual artifacts.

3.1 Preliminary - RoPE

We first recall a simple case of RoPE in 1D. Let an attention head have even
dimensionality d, and let w; denote the i-th angular frequency, typically a geo-
metric sequence: w; = 10000-2/4, § e {0,1,...,d/2 — 1}. For a scalar position
p € R, RoPE rotates each (2i,2i41) pair by angle 6;(p) = w; p:

RO = g et ) O
R(p) = ding(R(00(p)). . RlOappr (7). ©)

Given tokens ¢,k € R?, RoPE applies ¢ — R(p,)q, k — R(px)k. The attention
score obeys the relative property

(R(pg)a) (R(pi)k) = ¢ R(A)k, (3)

i.e., ROPE converts absolute positions to a frequency-coded phase that depends
only on the relative offset A = pi, — pq.
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(a) PILR | (b) PI;H | (c¢) Ours

Fig. 2: Results for RoPE with linear position interpolation (PI) to the low- or
high-resolution grid, versus our method.

3.2 Position Interpolation Fails for Mixed-Resolution Tokens

We study the problem of mixed-resolution denoising: allocating high resolution
to salient regions and lower resolution elsewhere. How attention behaves in this
setting remains an open problem. The natural baseline is linear position interpo-
lation (PI) [12], widely used in language models, vision transformers, and DiTs,
which maps all tokens onto a unified positional space.

Consider a 1D example. Starting from indices [0, 1, 2, 3, 4, 5, 6, 7, 8], suppose
the middle segment [3, 4] is upsampled into a HR block. Two natural unification
strategies are:

(i) Fractional unification (LR grid with fractional HR indices).

012 30354045 56 7 8.
—_— ——— ~—
LR HR LR

(#i) Integerized unification (warp LR zones to keep integer indices). Here, LR
zones are stretched by 2 while the HR block remains dense:

0246789 1012 14 16.
—_—— — — -
LR HR LR

Both can be expressed as a piecewise-affine map on RoPE positions p:

¢(p) =a, +s.(p—b.), pem, (4)

where r represents the region (LR or HR), s, is the per-region scale factor, b,
is the region’s original start index, and a, ensures continuity across boundaries.
However, as shown in Fig. [2] both strategies fail systematically: one produces
plausible LR regions but collapses HR, and the other does the opposite. We
explain why next.
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Fig. 3: RoPE imposes a sinusoidal scale bias on the attention function. We
plot the mean normalized attention score k(A) as a function of relative distance A on
the Wan model [95]|, measured along three axes (time, height, width) across diffusion
steps ¢t € {428,749,922}. k(A) peaks sharply near A ~ 0 and oscillates with a clear
sinusoidal structure at larger offsets. This is independent of token content since we
measure this with random token pairs. This bias is amplified in RoPE-dominant heads,
i.e., heads with a RoPE-dominance score greater than 0.085 (rds), and remains stable
across timesteps.

3.3 RoPE Imposes a Sinusoidal Scale Bias That Breaks Under
Mixed Resolution

To understand the failure above, we directly measure the relationship between
attention scores and relative distance across attention heads in pre-trained DiTs.
Specifically, we compute the expected cosine similarity (scale-free proxy for the
pre-softmax attention score), between a query and a RoPE-rotated key, as a
function of their relative token distance A:

K(A) = Eqgr [(@ RA)E)], (5)

where hats denote ¢;-normalization. Importantly, we average over random to-
ken pairs. Thus, x(A) isolates the pure positional scale bias imposed by RoPE—
independent of what the tokens actually represent. In Fig. [3] we show the aggre-
gated k(A) across time, height, and width axes, and additionally analyze RoPFE-
dominant heads selected by the RoPE-dominance score (rds) following [14].
Empirical findings. As shown in Fig. [3| x(A) exhibits three consistent prop-
erties across all layers and timesteps:

1. Sharp peak near A = 0. The similarity is highest for nearby tokens and
drops steeply within the first 2-3 offsets.

2. Sinusoidal oscillations. Beyond the initial peak, x(A) does not decay
smoothly—it oscillates, with alternating regions of high and low similarity
at larger offsets.

3. Stable across timesteps. This structure persists from early to late diffu-
sion steps and is amplified in RoPE-dominant heads, confirming it reflects a
pretrained phase prior rather than a denoising artifact.

This sinusoidal scale bias is what makes mixed-resolution attention funda-
mentally problematic. In a single-resolution setting, all tokens share the same
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distance scale, i.e., the unit of positional spacing, so k(A) acts consistently and
the model learns to work within it. But when the positions of LR and HR to-
kens are forced into a shared coordinate space, any remapping inevitably assigns
inconsistent pairwise distances to at least one group of tokens: either HR token
positions get compressed, or LR token positions get stretched. Because x(A)
oscillates rather than decays monotonically, these distortions are unpredictable:
compressing a distance from 4 to 2 may land on a peak, while compressing from
2 to 1 may land on a trough, or vice versa. Some token pairs become artificially
over-attended, others spuriously suppressed, rendering the output blurry or with
random visual artifacts. No single rescaling can fix this, because there is no po-
sition remapping that can preserve the oscillatory structure of x(A) across two
different positional scales simultaneously.

Theoretical interpretation. Using the relative form of RoPE (Eq. ), the
attention score can be written as a mixture of sinusoids:

score(g, k, A) = 3 Ci(q, k) cos(wr A + 1), (6)

where w; are fixed RoPE frequencies and (Cj;, ¢;) are content- and head-dependent
coefficients (full proof in supplementary material). This confirms that each at-
tention head implements a learned sinusoidal phase filter: high-frequency compo-
nents produce the steep near-zero peak and strong oscillations observed empir-
ically. The filter is calibrated to a single positional scale during training. When
distances are rescaled, token pairs get shifted to different phases (regions) of the
same periodic pattern, so pairs that should align can become misaligned. Mixed-
resolution processing therefore samples the filter at two incompatible scales si-
multaneously, which is the root cause of failures observed in Sec. [3.2]

Overall, the issue is not the choice of interpolation scheme but the lack of
a uniform positional scale for A. Stable mixed-resolution attention therefore
requires all token positions to be expressed on a consistent scale that aligns with
the attention heads in pre-trained DiTs. We introduce such a mechanism next.

4 Method

To stabilize attention with mixed-resolution tokens, we propose Phase-Aligned
Mixed-Resolution Attention (PMA), a training-free mechanism that enforces a
consistent positional scale across all tokens and is native to pre-trained DiT
attention heads. To further smooth content transitions between LR and HR
regions, we also introduce a Boundary Expand-and-Replace module. Together,
these components form a stable mixed-resolution denoising pipeline.

4.1 Phase-Aligned Mixed-Resolution Attention (PMA)

The core insight from Sec. is that attention scores are only meaningful when
relative token distances are expressed at the same positional scale as seen dur-
ing pre-training. Any remapping that forces LR and HR tokens into a shared
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Fig. 4: Phase-Aligned Mixed-Resolution Attention (PMA). PMA measures
RoPE offsets in the query’s native units by rescaling key positions to the query grid,
aligning RoPE phases across resolutions for stable mixed-resolution denoising. (a) and
(b) illustrate baselines that interpolate positions to LR and HR grids.

coordinate space violates this: it inevitably distorts the pairwise distances of at
least one group of tokens, causing their attention scores to be evaluated at the
wrong region of the sinusoidal-like curve k(A), i.e., at a different phase of this
periodic function.

Thus, the fix is straightforward: rather than remapping all tokens into a single
global coordinate space, we perform remapping locally for each query—key pair:
always expressing the key’s position in the query’s native positional scale. This
ensures that for every dot product attention, the relative offset A is measured
in units consistent with pre-training.

Let S denote the native resolution scale of tokens, i.e., HR has a larger S
than LR, and define the query—key scale ratio: ax., = S;/Sk. For attention
between each key and query, we re-index the position of the key to the query’s
reference grid:

P = o, (7)
and compute the RoPE-based attention score
@ k) = (R(pg) . RGPV E) = (@ Rlcthosg Pr — 1g) k). (8)

This leads to two cases in practice (Fig. |4):

— HR query vs. all keys. The HR query’s native scale is the reference. We
stretch LR key positions to match the HR grid. In the toy example, HR
query positions remain at [6,7,8,9], and LR key positions are stretched:
[0,1,2][5,6,7,8]—[0,2,4][10, 12, 14, 16].

— LR query vs. all keys. The LR query’s native scale is the reference. We
compress HR key positions to match the LR grid. Since LR queries only re-
quire coarse context, we also downsample HR keys to the LR grid via strided
sampling, with their positions compressed: [6,7,8,9]— [3,4] (stride=2).
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PMA is training-free and requires no architectural changes: it only modifies
token positions before attention. It ensures that, for every attention between
a query and a key, their token positions always share the same scale that is
consistent with the pre-trained attention heads.

4.2 Extension: Boundary Expand-and-Replace (BER)

PMA resolves the attention scale mis-
match between resolutions, but small vi-
sual discontinuities may still appear near
LR-HR boundaries (e.g., slight density or
texture shifts). We mitigate these with a ‘ \ \ ‘
lightweight, localized harmonization step

that operates only in a narrow band LR

around the boundaries (Fig. .

Given the LR and HR token masks, Fig.5: Boundary Expand-and-
we first dilate each mask by npaq (e.9., 2) Replace. Around LR-HR boundaries,
tokens to form an overlapping boundary we dilate the masks and bidirectionally
band. At each diffusion step ¢, with noisy exchange upsampled and downsampled
latent z; and current clean estimate z, we latent content within the narrow band.
perform a bidirectional content exchange
within this band:

HR

— Low—high. Upsample the LR portion of z( using a learned latent upsam-
pler, re-noise it to timestep ¢t — 1, and replace HR tokens in the band for the
next denoising step.

— High—low. Downsample the HR portion of z(, re-noise it similarly, and
replace the LR tokens in the band.

We train the latent up/downsamplers using paired targets obtained by pixel-
space resizing and re-encoding, optimized with ¢; in latent space and ¢; +LPIPS
in pixel space. Because the exchanged tokens serve only as localized attention
context rather than final output, a small resizer model (25M) is sufficient.

4.3 Use Case: Saliency-Guided Mixed-Resolution Denoising

PMA is an attention mechanism that, given LR tokens and HR tokens, stabilizes
attention for mixed-resolution generation. To demonstrate a concrete use case,
we propose pairing PMA with an off-the-shelf lightweight saliency model to
produce a spatial importance signal and enable mixed-resolution generation. Our
contribution is orthogonal to the specific choice of importance localizer: it only
requires a reasonable spatial weighting over regions, such as the one produced by
off-the-shelf saliency predictors or user-provided masks. Moreover, these saliency
predictors are lightweight relative to the diffusion model itself, adding negligible
overhead to the overall pipeline. We adopt a coarse-to-fine pipeline:
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PL-LR PLI-HR YaRN Ours

Fig. 6: Mixed-resolution video generation on Wan 2.1 ‘ We compare our
method with linear interpolation to low- or high-resolution grids (PI-LR/PI-HR),
YaRN @ . As highlighted in red boxes, our method produces the most stable results.

Fig. 7: Mixed-resolution image generation on FLUX comparing RoPE with
linear interpolation to low- and high-resolution grids against our method.

1. Coarse. Low-resolution generation for a few denoising steps to quickly es-
tablish the global structure and motion of the scene.

2. Mixed-resolution. An off-the-shelf saliency model identifies regions of higher
importance from the coarse result; these regions are switched to high reso-
lution while the remainder stays at low resolution. Denoising then proceeds
using PMA and BER.

3. Fine (optional). A small number of final steps at full resolution to enhance
visual quality.

As we will show in Sec. [5] this simple pipeline already achieves state-of-the-art
results, and can also be seamlessly integrated with other diffusion acceleration
techniques, highlighting its broad applicability.
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UniPC TeaCache [53 MagCache Ours

Fig. 8: Comparison with diffusion acceleration methods for video generation
on Wan 2.1 . Our method achieves higher quality and greater fidelity.

FLUX-50 Bottleneck RALU Ours

4.2x

Fig. 9: Comparison with diffusion acceleration methods for image generation
on FLUX [43]. We compare at 4x and 6x speedups, with 50-step FLUX generations
as reference. Red boxes highlight the improved level of detail in our generation.

5 Experiments

5.1 Experimental Settings

Model Configurations and Metrics. We use Wan2.1-1.3B as the text-
to-video model and FLUX.1-dev as the text-to-image model. For video eval-
uation, we use VBench and DOVER , and report generation latency,
with the full set of VBench prompts. For images, we report ImageReward
for photorealism; MUSIQ and CLIP-IQA for image quality assessment;
CLIP score for prompt alignment, and generation latency. We use MSCOCO
2014 validation dataset , with 5K randomly sampled image and caption pairs.
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Table 1: Quantitative comparison with RoPE interpolation methods for
mixed-resolution denoising on Wan2.1-1.3B [95| using DOVER [98| and VBench [35].
We include an HR baseline that denoises at high resolution as a reference.

DOVER 1 VBench 1 Time
Method Aesthetic  Technical Overall Quality Semantics Total (s) |

HR 99.83 10.43 79.12 80.12 62.50 76.56 172.1

PI-LR [12] 98.10 8.01 63.39 75.93 54.92 71.73
PI-HR |12] 86.52 4.94 35.04 70.38 49.41 66.18
NTK [67] 92.76 5.89 44.52 71.80 52.93 68.02 43.2
PI4+NTK 98.07 7.71 62.67 75.60 56.09 71.70
YARN |[68] 98.56 8.96 66.38 76.39 56.72 72.46
Ours 99.63 10.01 75.34 80.76 62.17 77.04 43.2

Table 2: Quantitative comparison with RoPE interpolation methods for
mixed-resolution denosing on FLUX.1-dev [43].

Method ImgReward © CLIP-IQA 1+ MUSIQ 1t CLIP 1t Time |
HR 1.062 0.621 70.47 31.12 3.4 s

PI-LR [12] 0.659 0.411 53.96 31.41
PI-HR |12 0.935 0.523 70.94 31.41
NTK [67] 0.953 0.542 70.62 31.37 2.4s
PI+NTK 0.810 0.479 60.23 31.45
YARN [68] 0.926 0.548 69.99 31.29
Ours 0.978 0.623 71.81 31.31 2.4 s

Implementation Details. For video generation, we adopt a two-stage inference
scheme with 50 denoising steps: 15 steps at 480p and 35 mixed-resolution steps,
with a high-resolution token ratio of 15% during the mixed-resolution stage.
For two-stage image generation, we use 15 steps: 5 steps at 512 and 10 mixed-
resolution steps, with a 60% high-resolution token ratio. For the three-stage
image generation involving coarse, mixed, and fine stages, we adopt a RALU-
like schedule [38] with a small number of steps at the final high-resolution stage
and apply noise rescheduling accordingly. To select salient regions, we first use
tiny VAE decoders [4] to reconstruct coarse images or videos (only 0.03s for
video) following the low-resolution denoising stage, and then apply the off-the-
shelf pre-trained DeepGaze model [52] to detect these regions. For training latent
resizers, we use a batch size of 1, with Pexels [44,[70] and Aesthetic-Train-V2
datasets [110},/111].

5.2 Results

Comparison with RoPE interpolation methods. As shown in Tab. [I] and
Fig.[6] our approach yields more stable video generation than RoPE interpolation
baselines, including linear position interpolation [12] (to low- or high-resolution
grids), NTK-aware interpolation [67], their hybrids, and YaRN [68]. Table [2| and
Fig. [7] shows a similar trend for image generation.
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Table 3: Quantitative comparison with diffusion acceleration methods on
Wan2.1-1.3B [95]. We compare our method with caching (TeaCache [53], MagCache
[64]), advanced samplers (UniPC [115|, DPM++ [57]), and token merging (ToMe [5]).

DOVER 1 VBench 1 Acceleration
Method Aes. Tech. Overall Qual. Sem. Total Time(s)l Speed
HR 99.83 10.43 79.12 80.12 62.30 76.56 172.1 1.0x
UniPC [115] 99.42 8.54 70.43 78.50 53.44 73.49 45.6 3.8%
DPM+-+ 57| 99.10 7.89 66.78 77.91 51.12 72.55 44.7 3.9%
ToMe |5] 89.34 6.50 48.47 68.80 28.80 60.80 48.0 3.6%
TeaCache [53)| 99.30 8.54 69.53 76.78 53.19 72.06 43.5 4.0x
MagCache [64] 99.49 9.84 74.33 T7.87 57.91 73.88 45.5 3.8%
Ours 99.63 10.01 75.34 80.76 62.17 77.04 43.2 4.0x

Table 4: Quantitative comparison with diffusion acceleration methods on
FLUX [43]. We compare 4x and 6x speedups against temporal acceleration methods,
including TeaCache [53|, MagCache [64], and ToCa [119|, spatial acceleration methods
such as RALU 38| and Bottleneck Sampling [91], as well as reducing steps of FLUX.

Method ImgReward © CLIP-IQA ¥ MUSIQ 1t CLIP 1t Time(s) | Speed
FLUX-50 1.085 0.647 71.90 30.82 11.5 1.0x
FLUX-12 0.985 0.588 68.94 31.19 2.8 4.1x
TeaCache [53)| 0.803 0.519 63.36 30.91 2.8 4.1x
MagCache [64] 0.993 0.512 67.37 30.98 3.0 3.9%
RALU |38| 0.940 0.592 70.06 31.04 2.7 4.2%
ToCa |119] 0.956 0.498 66.49 31.25 2.9 4.0x
Bottleneck |91] 0.903 0.485 65.29 31.22 2.9 4.0x
Ours 1.027 0.616 72.29 31.16 2.6 4.4%
FLUX-7 0.905 0.484 62.85 31.24 1.7 6.6
MagCache |64] 0.487 0.425 52.82 31.21 2.0 5.9%
RALU |38| 0.900 0.533 66.87 31.07 1.7 6.6
ToCa |119] 0.345 0.435 50.23 30.99 1.8 6.5x
Bottleneck |91] 0.753 0.424 58.34 31.18 1.7 6.6
Ours 0.929 0.565 69.01 31.25 1.7 6.6 x

Comparison with diffusion acceleration methods. In Tab. [3] we report
video generation results showing that our method outperforms other acceleration
approaches, including temporal feature caching methods (TeaCache [53] and
MagCache [64]), advanced samplers (UniPC |115] and DPM++ [57]), and token
merging (ToMe [5]), with comparable or faster speed. We also evaluate our three-
stage generation setting (coarse, mixed, fine) for image generation in Tab. 4l We
compare 4x and 6x speedups against temporal acceleration methods, including
TeaCache [53], MagCache [64], and ToCa [119], as well as spatial acceleration
methods such as RALU [38| and Bottleneck Sampling [91]. As shown in Figs.
and[9] while other methods often produce reasonable outputs, our method better
preserves key visual details at comparable or higher speed.

Integration with orthogonal diffusion acceleration methods. Our method
is composable with other acceleration techniques. In Tab. [§] we show it combines
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Table 5: Integration with orthogonal diffusion acceleration methods. We
combine our method with feature caching methods and with the step-distillation model,
DMD . Speedups are reported relative to Wan2.1-1.3B for video generation.

DOVER 1 VBench 1 Acceleration
Method Aes. Tech. Overall Qual. Sem. Total Time(s)] Speed
Ours 99.63 10.01 75.34 80.76 62.17 77.04 43.2 4.0x
+ TeaCache 99.59 10.05 75.34  80.33 61.28 76.52 23.9 7.2%
+ MagCache 99.63 10.10 75.57 80.42 61.98 76.73 22.0 7.8%
DMD (8-step) |105 99.96 12.70 87.13 82.51 71.31 80.27 22.6 7.6x
+ Ours 99.95 12.62 86.32 82.63 69.72 80.05 14.1 12.2x
DMD (4-step) 99.97 13.83 88.95 82.04 72.55 80.15 10.9 15.8%
+ Ours 99.96 14.03 87.97 82.32 71.31 &0.11 5.6 30.7x
80.0 A
77.5 1
75.0
> 72.5 A
T 70.0
o
67.5
65.0 =O= Ours
= LR+HR
62.5 - ~/— HR only

T T T T T T T
40 50 60 70 80 90 100
Generation Time (s)

Fig. 10: Quality—cost trade-off on Wan 2.1  Fig.11: Generation without (left) vs.
. We report generation quality using with (right) Boundary Expand-and-
DOVER versus generation time. Replace module (BER).

effectively with caching and with step-distillation models like DMD [105], im-
proving efficiency while maintaining comparable generation quality.

Quality—cost trade-off. In Fig. we compare against LR+HR (LR steps
followed by HR steps) and HR-only (all steps in HR). We match generation
time for fairness: for our method, we adjust the time budget by changing the
ratio of HR tokens, LR+HR uses the same total steps as ours while varying
the HR-step ratio, and HR-only varies total steps. Across all time budgets, our
method achieves a consistently better quality—cost trade-off.

Ablation on BER. As shown in Fig.[[T]and Tab.[7] removing our BER module
degrades generation quality. Outputs look plausible but show subtle content
discrepancies near the boundary when the underlying token resolution changes.
We found padding 2 tokens for both LR and HR to be a reasonable setting.

Robustness to saliency models. Table [6] shows that our method performs
consistently well across various off-the-shelf saliency detectors, and even when
using a fixed center square as HR regions achieves competitive results. We also
show that these detectors are lightweight and add negligible overhead.
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Table 6: Robustness of our method across Table 7: Ablation on overlapping
saliency models, with each model’s runtime cost ~boundary band size np.qa for low

and model size reported. (LR) and high resolution (HR).
DOVER 1 VBench 1 Size Time Npad DOVER 1 VBench t
Model Aes. Tech. All Qual. Sem. Tot. (M) (s) LR HR Aes. Tech. All Qual. Sem. Tot.
DeepGazel [42] 99.64 10.26 76.13 80.79 62.01 77.04 2.5 0.01 0 0 9890 894 68.43 78.08 61.38 74.74
UNISAL (21} 99.66 10.24 76.26 80.64 61.83 76.88 3.7 0.01 2 2 99.63 10.01 75.34 80.76 62.17 77.04
DeepGazellE [52] 99.63 10.01 75.34 80.76 62.17 77.04 104 0.27 2 4 99.62 9.88 75.18 80.69 61.76 76.90

Center Square 99.59 9.69 74.22 80.50 61.74 76.75 - -

Table 8: 3-mixed-resolution (480 + 960 + Table 9: 3-mixed-resolution (512 +
1920p) video generation. 1024 + 2048) image generation. Higher
is better for all metrics except for time.

DOVER 1 VBench 1 Time
Method Aes. Tech. All Qual. Sem. Tot. (s) | Method ImgR. C.IQA MUSIQ CLIP Time(s)
Wan-2k 93.99 5.85 52.14 82.72 42.75 74.73 1995 FLUX-2k 0.919 0.458 55.05 30.93 21.2
PI-LR 62.29 4.73 19.87 75.18 41.39 68.42 PI-LR 0.536  0.292 40.19  28.63
PI-HR 86.31 6.48 45.23 74.01 39.96 67.20 288 PI-HR 0.391  0.276 45.82  30.32 9.8
NTK 88.69 6.37 46.76 73.52 38.91 66.60 NTK 0.328  0.295 4412 30.23 .
YaRN 88.92 6.07 45.07 73.51 40.17 66.84 YaRN 0.400  0.230 52.97  29.99
Ours 99.70 10.62 76.78 81.77 61.55 77.73 288 Ours 0.983 0.468 57.20 31.28 9.8

Multi-resolution study. Our method naturally extends to multi-resolutions.
Table [§] reports 3-mixed-resolution results for video: we outperform the linear
interpolation baseline and direct 2K generation while being 7x faster. Table [J]
reports 3-mixed-resolution image results with a similar trend. All methods use
resolution extrapolation (CineScale |74], DyPE [36]).

6 Conclusion

We show that standard RoPE interpolation fundamentally breaks mixed res-
olution attention in DiTs: the model is forced to compare phases sampled at
incompatible spatial rates, producing cross-scale aliasing and chaotic attention.
To eliminate this failure mode, we introduce Phase-Aligned Mixed-Resolution
Attention, a training-free mechanism that enforces a consistent and native po-
sitional scale, and adds a lightweight Boundary Expand-and-Replace step to
smooth resolution transitions. Together, these changes enable reliable, high-
fidelity image and video generation at reduced cost, supporting more sustainable
and scalable deployment of diffusion models.
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