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Abstract. Training-free text-to-high-resolution image generation has
recently attracted growing research attention. However, existing stud-
ies on this task primarily focus on adapting off-the-shelf U-Net-based
diffusion models to high resolutions, with limited progress on adapt-
ing off-the-shelf Diffusion Transformer (DiT) models despite their strong
text-to-image generation capabilities at limited resolutions. In this work,
we find two key challenges particularly hindering the application of off-
the-shelf DiT models for high-resolution image synthesis in a training-free
manner, namely, spatial disorder and long generation time. To address
these challenges, we propose a novel method tailored to adapt off-the-
shelf DiT models for high-resolution image synthesis. Extensive experi-
ments show the efficacy of our method.

Keywords: Text-to-high-resolution image generation · Training-free ·
Off-the-shelf diffusion transformer models

1 Introduction

Text-to-high-resolution image generation aims to directly synthesize high-quality,
large-resolution images from text prompts. It benefits diverse applications such
as digital art creation [33], advertising [12], and game development [30]. To tackle
this task, existing methods can be broadly categorized into training-based and
training-free approaches. Training-based methods [9,14,26,48] optimize new gen-
erators specifically for high-resolution outputs. However, they generally require
substantial computational resources and large-scale high-resolution datasets for
effective training [6, 46], limiting their practicality. Given these limitations, re-
cently, training-free methods have emerged as an appealing alternative. Instead
of optimizing new generators, these methods aim to unlock the potential of off-
the-shelf text-to-image diffusion models typically trained at limited resolutions
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(e.g., 1024×1024), driving them to effectively generate higher-resolution images
in a training-free manner. Due to their simplicity and flexibility, such approaches
have attracted growing attention recently [13,32,40,47].

Among existing training-free approaches, the early dominance of U-Net ar-
chitectures in off-the-shelf text-to-image diffusion models has led most of them
[13, 32, 40, 47] to focus on adapting U-Net-based diffusion models to high res-
olutions. However, the landscape of off-the-shelf diffusion models has recently
shifted: Diffusion Transformer (DiT)-based models now substantially outper-
form their U-Net counterparts at limited resolutions [28], driving the rapid emer-
gence of various powerful DiT-based off-the-shelf text-to-image models, such as
Stable Diffusion 3 [8] and FLUX [20]. However, despite this shift, training-free
approaches for adapting off-the-shelf DiT models to high-resolution generation
remain largely underexplored. Motivated by this research gap, in this work, we
aim to narrow down this gap, exploring effective adaption of off-the-shelf DiT
models for high-resolution image generation in a training-free manner.

Fig. 1: Results of (1) directly adapting off-
the-shelf text-to-image DiT models to high-
resolution (4096×4096) generation, and (2)
applying the DiT-tailored method I-Max [7].
At limited resolution (1024×1024), off-the-
shelf DiT models generate high-quality im-
ages quickly. However, when adapted to
higher resolutions through direct adapta-
tion or I-Max, they exhibit spatial disor-
der (see red boxes and zoom-in) and in-
cur long generation times (red text). Note
that off-the-shelf DiT models can be di-
rectly adapted since they mechanically ac-
cept higher-resolution initial noises, while I-
Max is, by design, applicable to FLUX but
not Stable Diffusion 3.

To achieve this, we first attempt
to adapt off-the-shelf DiT models
to higher resolutions either directly
or by applying the existing DiT-
tailored method I-Max [7]. Profil-
ing across a wide range of genera-
tion tasks, we observe that, regard-
less of the adaptation strategy, off-
the-shelf DiT models encounter two
critical challenges that severely hin-
der their practicality at high resolu-
tions. We illustrate these challenges
in Fig. 1 and summarize them as fol-
lows. (1) Spatial disorder: both adap-
tation strategies lead to the genera-
tion of images with noticeable spatial
disorder (highlighted by red boxes
in Fig. 1), which markedly degrades
overall image quality. (2) Long gen-
eration time: when adapted for high-
resolution image synthesis, off-the-
shelf DiT models also suffer from
very long generation time, further
limiting their practicality. To effec-
tively adapt off-the-shelf DiT models
to high resolutions, we therefore aim
to address these two challenges in the
remainder of this work.

To this end, theoretical and empirical analyses are first drawn on to try to
identify the key underlying causes of these challenges. The theoretical analysis
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(detailed in Sec. 3.1) reveals that, a key reason behind the spatial disorder is-
sue can lie in the “limited expressiveness” of off-the-shelf DiT model’s positional
embedding mechanism when adapted to high resolutions. Meanwhile, the empir-
ical profiling shows that, multi-head attention computations are the dominant
source of the long generation time faced by DiT models at high resolutions. For
example, when directly adapting mainstream DiT models (such as FLUX and
Stable Diffusion 3) to generate 8K (8192×8192) images, the multi-head atten-
tion computations alone account for over 90% of the overall generation time for
both models (as illustrated in Fig. 2), taking 1,385 and 646 seconds per image,
respectively.

Fig. 2: Proportion of time that mainstream off-the-
shelf DiT models (FLUX [20] and Stable Diffusion
3 [8]) spent on multi-head attention computations
per image, relative to that on the overall generation
process per image, across different image resolutions.
These models are adapted to high resolutions in the
same direct manner as described in the caption of
Fig. 1. As shown, at high resolutions, multi-head
attention computations alone dominate the overall
generation time of these off-the-shelf DiT models.

Building on these insights,
to effectively adapt off-the-
shelf DiT models to high res-
olutions, in this work, we
propose a novel training-free
framework, High-Resolution
DiT (HRDiT). It comprises
two components, each corre-
sponding to one of the afore-
mentioned challenges based
on its identified underlying
cause. To tackle the spatial
disorder challenge, inspired
by [11, 24], HRDiT involves
a Spatial Position Alignment
(SPA) component, which ad-
justs the positional embed-
ding mechanism of off-the-
shelf DiT models via two com-
plementary operations (Bundle and Slide) to help it preserve its proper func-
tionality when extended to high resolutions. To tackle the long generation time
problem, inspired by [44], HRDiT further integrates a Head-adaptive Attention
Pruning (HAP) component to effectively prune redundant computations in the
multi-head attention, thereby substantially reducing runtime cost for high reso-
lution generation. With these two components, HRDiT enables high-quality and
efficient high-resolution image synthesis from off-the-shelf DiT models trained
only at limited resolutions, entirely in a training-free manner.

2 Related Work

Training-free Text-to-high-resolution Image Generation, which aims to
unlock the high-resolution generation ability of off-the-shelf text-to-image dif-
fusion models originally trained at limited resolutions, has recently gained sig-
nificant attention [2–4, 6, 7, 13, 15, 16, 18, 19, 21, 25, 31, 32, 37, 38, 40, 41, 47, 49, 50].
To tackle this task, some works, such as DemoFusion [6], DiffuseHigh [18], and
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HiFlow [3], focus primarily on modifying the diffusion process of diffusion mod-
els. Some others instead focus more on the architectures of diffusion models.
For instance, ScaleCrafter [13] employed dilation to expand U-Net’s receptive
field. HiDiffusion [47] dynamically adjusted feature map resolutions in the outer
U-Net blocks to tackle the object repetition issue. FreeScale [32] integrated re-
strained dilated convolutions and multi-scale fusion into the U-Net to enhance
both global and local generation fidelity. Beyond U-Net-based designs, the ar-
chitecture of DiT models has also been explored, e.g., by I-Max [7]. Yet, we find
that such investigations still leave two key challenges (i.e., spatial disorder and
long generation time) that critically limit the effective application of off-the-shelf
DiT models at high resolutions unaddressed.

In this work, we focus on the architectural perspective, and specifically target
these two key challenges that significantly hinder DiT models from effective
high-resolution generation. By identifying their key causes and correspondingly
integrating proper strategies to address them, our framework enables off-the-shelf
DiT models to achieve high-quality, efficient high-resolution synthesis without
any retraining.

3 The Proposed HRDiT Framework

Here, we aim to effectively adapt off-the-shelf DiT models to high-resolution
image synthesis, by addressing two critical challenges that severely hinder their
practical use at high resolutions: spatial disorder and long generation time. Draw-
ing on analyses, we identify the key underlying causes of each challenge. Cor-
respondingly, we propose HRDiT, a novel training-free framework integrated
with two components, SPA and HAP, respectively addressing aforementioned
challenges based on identified underlying causes. Below, we detail these compo-
nents.

3.1 Spatial Position Alignment (SPA)

To handle the spatial disorder challenge, we first examine its underlying cause,
drawing inspiration from [11]. Specifically, in DiT models, the positional em-
bedding mechanism typically plays a crucial role in expressing positional infor-
mation, distinguishing spatial locations within the generated image, and thus
preventing spatial disorder [1, 22, 35]. This naturally raises a question: could
the spatial disorder observed in off-the-shelf DiT models during high-resolution
generation stem from the possible “limited expressiveness” of their positional em-
bedding mechanisms, when extended to higher resolutions? To explore this, we
first formalize the positional embedding mechanisms in off-the-shelf DiT models,
which will then serve as the foundation for the subsequent analysis.
Formalization of position embedding mechanism. To facilitate a general
analysis across different mainstream off-the-shelf DiT models, we aim to first
formalize their position embedding mechanisms in a unified manner. In specific,
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we analyse that the positional embedding mechanisms of mainstream off-the-
shelf DiT models, such as FLUX [20] and Stable Diffusion 3 [8], though varying
in detailed designs, can be unified under the following formulation:

qi = gq(xi, f
tok
pe (i)),ki = gk(xi, f

tok
pe (i)),vi = gv(xi, f

tok
pe (i)), (1)

where xi denotes the i-th token in the input hidden state of an attention block,
and qi, ki, vi are the corresponding query, key, and value vectors derived from
xi via the functions gq(·, ·), gk(·, ·), and gv(·, ·), respectively. To inject spatial
awareness, the position embedding mechanisms feed the token-level positional
signal f tok

pe (i) once into each of the three functions gq(·, ·), gk(·, ·), and gv(·, ·).
Additional details on this formulation are in Supplementary.

Denote T the total number of visual tokens in the input hidden state. Af-
ter obtaining the query, key, and value vectors for all T tokens (i.e., {qt}T−1

t=0 ,
{kt}T−1

t=0 , and {vt}T−1
t=0 ) via Eq. 1, the attention in off-the-shelf DiT models can

then be performed in a spatial-aware manner as:

ci,j =
eqikj

⊺∑T
t=1 e

qikt
⊺
vj, (2)

where ci,j denotes the contribution of token j to the attention output at position
i, and e is the Euler number. For simplicity, we omit the stabilization factor

√
d,

where d is the dimensionality of each key vector, in Eq. 2. At this point, we
arrive at a unified formalization of how positional embedding mechanisms in
mainstream off-the-shelf DiT models are designed to inject spatial awareness
into their attention operations, which underpins the analysis below.
Expressiveness analysis. Based on our above unified formalization of po-
sitional embedding mechanisms in mainstream off-the-shelf text-to-image DiT
models, we next ask whether existing theoretical tools can be drawn on to an-
alyze the expressiveness of these mechanisms when they are extended to high
resolutions with substantially more tokens, i.e., much larger T . To this end, we
observe that the pseudo-dimension-based analysis developed in prior work [11]
for relative positional embeddings can, when combined with our formalization,
be adapted to perform the desired analysis under mild assumption, across main-
stream off-the-shelf DiT models including FLUX and Stable Diffusion 3, regard-
less of whether the positional embeddings are relative or not. As elaborated below,
this adapted theoretical analysis reveals that these mechanisms can indeed suffer
from limited expressiveness when extended to high resolutions.

To set up the adapted analysis, we introduce the following notations. (1) By
combining Eq. 1 and Eq. 2, we first express ci,j via a single function g as:

ci,j = g(xi,xj, fpe(i, j)), (3)
where g represents the complete computation performed by off-the-shelf DiT
models to obtain ci,j from the input hidden-state tokens xi and xj. Expressing
ci,j in this way, the positional information involved in computing ci,j can be
compactly represented by a single pairwise positional signal denoted as fpe(i, j),
rather than by two separate token-level positional signals f tok

pe (i) and f tok
pe (j)

(see supplementary for more details). This compact representation facilitates the
subsequent analysis. (2) We further denote Spe = { fpe(i, j) | i ∈ {0, . . . , T −
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1}, j ∈ {0, . . . , T−1} } as the set of all possible pairwise positional signals. With
these notations established, we now proceed to the adapted theoretical analysis.

Proposition 1. Let disg denote a distance measure quantifying the discrepancy
between two pairwise positional signals in the output space of the function g (see
Supplementary for exact definition of disg). By definition of g in Eq. 3, disg
then measures the discrepancy between two pairwise positional signals, after they
are respectively propagated through g during attention computation. Using disg,
we partition all elements in the set Spe into h(T ) mutually exclusive subsets
such that any two elements within the same subset satisfy disg ≤ ϵ, while any
two elements from different subsets satisfy disg > ϵ, where ϵ is a predefined
threshold. Intuitively, the resulting h(T ) characterizes the positional embedding
mechanism’s ability to distinguish between different pairwise positional signals
in Spe after attention computation. A larger h(T ), indicating that Spe can be
divided into a greater number of well-separated subsets under disg, corresponds
to a stronger distinction capability of the positional embedding mechanism. Yet
meanwhile, h(T ) can be proved to be upper-bounded by:

h(T ) ≤ λ ·
(
sup
Spe

|g(xi,xj, fpe(i, j))|
)2ξ

, (4)

where ξ denotes the pseudo-dimension of the function class G = { g(·, ·, fpe(i, j)) |
i ∈ {0, . . . , T − 1}, j ∈ {0, . . . , T − 1} }, and λ = ( eϵ )

2ξ · 24ξ+1. Notably, λ can be
regarded as a constant when the threshold ϵ is fixed.

The proof of Proposition 1 is provided in Supplementary. Note that, ideally,
for the positional embedding mechanism to function properly, h(T ), which mea-
sures the mechanism’s ability to express different pairwise positional signals in a
distinguishable manner after attention computation, should reach its maximum
possible value, namely the size |Spe| of the set Spe (i.e., satisfy h(T ) = |Spe|).
Otherwise, at least two pairwise positional signals in the set Spe would have
cross-distances below ϵ after attention computation, making them indistinguish-
able and thereby inducing spatial disorder. However, Proposition 1 suggests that
h(T ) = |Spe| may not hold at high resolutions. This is because, (1) as resolution
increases, the number of tokens T grows rapidly, and |Spe| typically scales ac-
cordingly (see Supplementary for details). (2) Yet meanwhile, Eq. 4 shows that
the attainable h(T ) is upper-bounded by the supremum of g(·) (up to a constant
factor λ and a constant power 2ξ). Taken together, these two factors indicates
that, as resolution increases, achieving h(T ) = |Spe| would necessitate the afore-
mentioned upper bound of h(T ) to scale at least as fast as |Spe|. The associated
analysis, however, suggests that this scaling may fail to occur in practice. Tak-
ing FLUX as an example, when an analysis similar to that in [24] is applied to
4K image generation, fewer than 10% of the test samples are found to satisfy
Eq. 4 after substituting h(T ) with |Spe|, and this ratio can further decrease at
higher resolutions. The above indicate that, when adapted for high-resolution
generation, the positional embedding mechanisms in off-the-shelf text-to-image
DiT models can exhibit limited expressiveness, failing to adequately distinguish
pairwise positional signals, thus leading to observed spatial disorder.
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Addressing limited expressiveness through SPA. Building on the above
analysis, we aim to address the limited expressiveness of DiT models’ positional
embedding mechanisms to handle the spatial disorder problem. Achieving this
addressing, however, is non-trivial, particularly because our goal is to do so in a
training-free and universally compatible manner across diverse mainstream off-
the-shelf DiT models. To tackle this challenge, we note that, though different
mainstream DiT models may differ in their specific implementations of the po-
sitional function fpe, they all share a common structure: fpe takes token indices
(i.e., i and j) as inputs. This observation suggests that if we can achieve the
addressing by directly manipulating these token indices i and j before they are
fed into fpe, the addressing process can be carried out in a universally com-
patible manner. To this end, we take inspiration from [17, 24], adopt a simi-
lar approach, and integrate a training-free component, termed Spatial Position
Alignment (SPA), into our framework to achieve the addressing in such a way.

Specifically, SPA consists of two key operations: bundle and slide. In the
bundle operation, to facilitate h(T ) in attaining |Spe| (i.e., to satisfy h(T ) =
|Spe|) and thus help the positional embedding mechanism to function properly
even at high resolutions, we aim to reduce |Spe|. To achieve this by manipulating
token indices before they are fed into the positional function fpe, we group to-
kens into several bundles and feed the corresponding bundle indices, rather than
individual token indices, into fpe. In this way, as the number of grouped bundles
is typically much smaller than the number of tokens, we can constrain the input
diversity of fpe and thus reduce |Spe|, which reflects the output diversity of fpe
based on the definition of Spe. In turn, as elaborated in the above analysis asso-
ciated to Proposition 1, this helps the positional embedding mechanism better
preserve the distinguishability among positional signals in Spe and restore its
proper functionality. However, despite such benefit, bundling also introduces an
inherent limitation: positional distinctions among tokens within the same bundle
become indistinguishable, potentially weakening fine-grained spatial discrimina-
tion in generated images. To tackle this, SPA integrates a complementary slide
operation, which further equips the framework with fine-grained positional dis-
tinguishability among tokens within each bundle. Together, these two operations
effectively rectify the positional embedding mechanism, facilitating off-the-shelf
DiT models to preserve spatial coherence even when adapted to high resolutions.
Below, we detail these two operations.

(1) The bundle operation. In this operation, we start from the original posi-
tional function fpe(i, j), whose inputs are the token indices themselves (i.e., i and
j). Our goal is to group tokens into bundles and feed fpe with the corresponding
bundle indices instead. Formally, this rewrites fpe(i, j) as fpe(ϕbundle(i), ϕbundle(j)),
where ϕbundle(i) and ϕbundle(j) denote the indices of the bundles containing the
i-th and j-th tokens, respectively. For simplicity, we here bundle tokens sequen-
tially according to their token indices, so that the resulting bundle indices ap-
proximately preserve the original positional order among the T tokens. In other
words, tokens belonging to bundles with larger bundle indices naturally possess
larger token indices than those tokens in bundles with smaller bundle indices.
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Under this setup, ϕbundle(·) is defined as follows:

ϕbundle(i) =


0, 0 ≤ i < N1,⌈
i+ 1−N1

N

⌉
, N1 ≤ i < T,

(5)

where N is a hyperparameter, and N1 ranges from 1 to N . N1 and N denote
the number of tokens in the first bundle and in each middle bundle (excluding
the first and last ones), respectively. Here, the first bundle is intentionally not
enforced to reach the same size as the middle ones, which facilitates the subse-
quent slide operation. Furthermore, given N1 and N , the size of the last bundle
can be automatically determined as T −N1 −

⌊
T−N1

N

⌋
×N , so it does not need

to be explicitly specified.

0 1 2 3 4 5 6

0 1 1 1 2 2 2

(a) Application of the bundle operation

0 1 1 1 2 2 2

0 0 1 1 1 2 2

0 0 0 1 1 1 2

𝝓𝒃𝒖𝒏𝒅𝒍𝒆
𝑵𝟏=𝟏 ⋅

𝝓𝒃𝒖𝒏𝒅𝒍𝒆
𝑵𝟏=𝟐 ⋅

(b) Additional application of the slide operation

𝝓𝒃𝒖𝒏𝒅𝒍𝒆
𝑵𝟏=𝟏 ⋅

0 1 2 3 4 5 6

𝝓𝒃𝒖𝒏𝒅𝒍𝒆
𝑵𝟏=3 ⋅

Fig. 3: Illustration of the bundle and slide
operations, with T = 7 and N = 3. (a)
The bundle operation with N1 = 1: us-
ing the mapping function ϕbundle(·) with
N1 = 1 (i.e., ϕ

(N1=1)
bundle (·)), the T = 7 to-

ken indices from 0 to 6 are mapped to⌈
T+N−N1

N

⌉
= 3 bundle indices (0 to 2), re-

ducing the input diversity of fpe when its
inputs are bundle indices rather than token
indices. (b) Additionally applying the slide
operation introduces N = 3 variants of the
mapping function, each with a distinct N1

value. Progressively varying N1 (from 1 to
3) produces bundles with sliding boundaries
across successive bundling procedures (the
thick black line segments sliding rightward).

An illustrative example of the ap-
plication of the ϕbundle(·) function is
provided in Fig. 3(a). As shown, ap-
plying ϕbundle(·) reduces the diver-
sity of each input to fpe(·, ·), from
the total number of token indices
T to the total number of bundle
indices, which can be computed as⌈
T+N−N1

N

⌉
. Accordingly, when com-

puting |Spe| based on fpe with bundle
indices as its inputs, we can replace
T with

⌈
T+N−N1

N

⌉
, yielding a signif-

icantly smaller |Spe|. For instance, in
the FLUX model, instead of |Spe| =
2T − 1, we now have |Spe| = 2 ×(⌈

T+N−N1

N

⌉)
− 1 after applying the

bundle operation. Following the anal-
ysis associated with Proposition 1,
this reduction enhances the distin-
guishability among elements in Spe,
and thus helps restore the proper
functionality of the positional embed-
ding mechanism.

(2) The slide operation. However, applying the bundle operation alone cannot
fully resolve the spatial disorder problem, as it eliminates positional distinctions
among tokens within the same bundle, thereby weakening fine-grained spatial
discrimination. To tackle this issue, a slide operation is further integrated to
recover intra-bundle positional distinctions, with the key idea of using sliding
bundle boundaries, as elaborated below.

Specifically, given the bundle size N for each middle bundle, the slide op-
eration constructs N variants of the mapping function ϕbundle(·), denoted as
{ϕ(N1=1)

bundle (·), . . . , ϕ(N1=N)
bundle (·)}, where each variant adopts a distinct first-bundle

size N1. As illustrated in Fig. 3(b), constructed in this way, these variants pro-
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duce bundles whose boundaries progressively slide as N1 varies from 1 to N .
Importantly, with such sliding, by collectively considering all N mapping func-
tions rather than any single one in isolation, the desired intra-bundle position
distinctions can be achieved among tokens. For example, as shown in the red
ellipse of Fig. 3(b), the token with index 4 is distinctively (uniquely) represented
by the set of N = 3 bundle indices {2, 1, 1} derived respectively from the N = 3
mapping functions, and no any other token corresponds to this same set. We
also prove in Supplementary that this representation approach always uniquely
represents every token index. The above means that, the collective use of all
mapping functions constructed in the slide operation ensures clear positional
distinctions among all tokens. Then, as the final step of the slide operation, to
realize this collective use in a training-free manner, we compute:

cSPA
i,j =

1

N

N∑
n=1

g

(
xi,xj, fpe

(
ϕ
(N1=n)
bundle (i), ϕ

(N1=n)
bundle (j)

))
, (6)

where cSPA
i,j (replacing ci,j in Eq. 3) denotes the contribution of token j to

the attention output at position i after incorporating SPA into our framework.
Intuitively, Eq. 6 applies g(·) multiple times in parallel, once under each mapping
function, and then averages their corresponding results. In the n-th application
of g(·), the only modification introduced by SPA relative to the off-the-shelf
DiT model is that the token indices i and j are replaced by their corresponding
bundle indices ϕ

(N1=n)
bundle (i) and ϕ

(N1=n)
bundle (j) before being passed to the positional

function fpe, while all other parts remain unchanged. The mapping from token
indices to bundle indices is illustrated in Fig. 3.

In summary, to tackle the spatial disorder problem, SPA simply needs to
replace ci,j with cSPA

i,j in the attention computation of off-the-shelf DiT models
at high resolutions. It is worth noting that, since the N token-to-bundle index
mapping procedures in Eq. 6 can be executed in parallel, SPA generally incurs
only a minor increase in overall generation time (e.g., from 203 to 212 seconds
on average per 4K (4096× 4096) image generation, as reported in Tab. 2).

3.2 Head-adaptive Attention Pruning (HAP)

Above, we handle the spatial disorder challenge. Yet, as illustrated in Fig. 1,
the long generation time problem still limits the practicality of adapting off-
the-shelf DiT models for high-resolution synthesis. To address this problem, the
underlying cause is first profiled. As shown in Fig. 2, the profiling reveals that,
when off-the-shelf DiT models are directly applied to higher testing resolutions,
multi-head attention computations rapidly dominate the overall generation time
due to the quadratic complexity of attention. This profiling motivates a natu-
ral strategy for accelerating DiT’s high-resolution generation process: focus on
multi-head attention as the dominant cause of the long generation time prob-
lem and prune “redundant” attention computations that contribute little to final
generation quality.

To realize this idea, we first examine whether existing vision transformer
pruning techniques in image can be well-suited to perform “redundant” attention
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pruning in our training-free text-to-high-resolution image generation problem.
We however find them ill-suited. Many existing pruning methods [36, 51] rely
on additional training, which directly contradicts the training-free constraint
of our problem. To circumvent this issue, recent works [27, 43] introduce local-
window-based attention, which prunes computations by focusing attention to
local regions (windows), enabling reducing runtime in a training-free manner.
Yet, these methods remain ill-suited when facing our problem, i.e., when handling
high resolutions, in which long-range interactions are essential for maintaining
generation fidelity [23], local-window-based approaches [27] typically still require
additional training to prevent noticeable quality degradation, again conflicting
with our training-free constraint.

Given these incompatibilities, addressing the long generation time of off-the-
shelf DiT models at high resolutions calls for inspiration beyond conventional
vision pruning. In particular, motivated by recent progress in attention pruning
for long-context text generation [44], we adapt this idea to the training-free text-
to-high-resolution image generation setting. Specifically, we integrate an atten-
tion pruning component into HRDiT, termed Head-adaptive Attention Pruning
(HAP), which enables effective attention pruning in our context without addi-
tional training. Overall, HAP builds on the local-window-based paradigm to take
advantage of its potential training-free applicability. Meanwhile, HAP seeks to
further address the paradigm’s tendency to cause noticeable generation quality
degradation at high resolutions when equipped with no additional training.

For HAP to achieve the latter, we draw on a key observation from prior
works [5, 39, 44]: once trained, different heads in a Transformer’s multi-head at-
tention tend to assume distinct yet relatively stable roles, each focusing on a
particular attention scope. Specifically, for a given head, when computing the
attention output at position i, only tokens within a certain scope around that
position contribute meaningfully, and this scope may vary across heads rather
than being uniformly local. For example, some heads specialize in long-range
interactions and operate over broad scopes, whereas others focus on local struc-
tures within narrow neighborhoods. Building on this inspiration, we further val-
idate that a similar head-dependent attention-scope pattern also emerges in our
high-resolution image generation setting.

Motivated by the above, a natural way to prune redundant attention com-
putations when scaling off-the-shelf DiT models to high-resolution generation is
hypothesized to be the adaptive allocation of attention windows across heads
according to each head’s inherent attention scope, rather than the uniform ap-
plication of identical local windows to all heads as in conventional local-window-
based strategies. Ideally, such head-adaptive window allocation allows more accu-
rate identification of truly redundant computations, thereby enabling attention
pruning that preserves high generation quality while substantially improving effi-
ciency. However, determining appropriate attention scopes for each head in prac-
tice remains non-trivial. To address this, inspired by [44], a two-step preparatory
procedure is adopted in HAP to derive head-specific scopes from the off-the-shelf
DiT model before inference. Once derived, these head-specific scopes can then
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be applied as per-head attention windows during inference, enabling substan-
tial runtime reduction while preserving generation fidelity. The two preparatory
steps adopted in HAP are detailed below.

Preparatory Step 1: appropriateness quantification for each candidate scope.
To determine an appropriate attention scope for each head, the effect of each
candidate scope on computational cost and generation quality is first quantified.
Formally, let Nhead denote the total number of attention heads in an off-the-
shelf DiT model, and assign each head Nscope candidate scopes, where Nscope is
a hyperparameter. For each candidate scope nscope ∈ {1, . . . , Nscope} of each head
nhead ∈ {1, . . . , Nhead}, two indicators are defined: Ic(nhead, nscope), representing
the computational cost of this head under the given scope, and Iq(nhead, nscope),
representing the degradation in generation quality when this head operates under
the given scope instead of the full attention scope covering all T tokens. For
simplicity, given a head with T input tokens, its Nscope candidate scopes are
uniformly defined to span all possible coverage ratios of these tokens. Specifically,
under the nscope-th candidate, the attention output at each position is computed
by summing only the contributions from the nscope

Nscope
× T tokens neighboring that

position, with all T tokens being covered only when nscope = Nscope. Based
on this setup, we next describe how Ic(nhead, nscope) and Iq(nhead, nscope) are
computed.

For Ic(nhead, nscope), note that the computational complexity of producing
the attention output at each position scales linearly with the number of tokens
participating in that position’s attention computation. Accordingly, the total at-
tention computational cost for the nhead-th head under the nscope-th scope, i.e.,
Ic(nhead, nscope), can be simply quantified by the total number of participat-
ing tokens involved in its attention computations, aggregated over all positions.
Deriving Iq(nhead, nscope), however, is more difficult. Naively, a brute-force esti-
mation of Iq(nhead, nscope) across all Nhead heads and Nscope candidate scopes
could require at least Nhead × (Nscope − 1) DiT model passes, each followed by
a loss computation on the generated image to evaluate its impact on generation
quality (see Supplementary for details). This can make the preparatory stage by
itself already computationally prohibitive. To accelerate the above brute-force
estimation procedure, a natural attempt shall be to use losses computed on in-
termediate features as efficient proxies for losses computed on the final generated
images [45]. However, we find that, at high resolutions, such intermediate signals
can correlate poorly with final image quality, making them unreliable estimators
of Iq(nhead, nscope). To overcome the limitations of the above strategies, inspired
by [44], HAP adopts its efficient estimation strategy, where careful mathematical
derivations show that a single model pass under the full attention scope suffices
to efficiently yet reliably estimate Iq(nhead, nscope) across all heads and candidate
scopes. Formally, under this estimation approach, by leveraging a Taylor expan-
sion and accounting for the softmax operation in DiT attention, Iq(nhead, nscope)
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can be estimated using only a single model pass, as

Iq(nhead, nscope) ≈
∑

(u,v)∈S
(nscope)
omit

( ∂L

∂A(u, v)
·
(
−A(u, v)

)
+

∑
w∈{1,...,T}\{v}

∂L

∂A(u,w)
· A(u,w) ·A(u, v)

1−A(u, v)

)
,

(7)

where L is the loss computed on the image generated from this single model
pass, A ∈ RT×T is the attention score matrix in this model pass corresponding
to the nhead-th head, and A(u, v) denotes its (u, v)-th element. Here, S(nscope)

omit
denotes the set of index pairs (u, v) that fall outside the nscope-th attention
scope, i.e., pairs for which when applying the nscope-th attention scope and
computing the attention output at position u, the contribution of token v (i.e.,
cSPA
u,v ) is omitted. In practice, to stabilize the estimation, Iq is further averaged

over different input prompts rather than estimated from a single input prompt.
Despite this, computing Iq(nhead, nscope) remains lightweight, taking only less
than an hour in total across all heads and candidate scopes during the one-time
preparatory stage (see Tab. 4 in Supplementary).

Preparatory Step 2: appropriate scope determination. At this point, quan-
titative estimates have been obtained for how different candidate scopes, when
assigned to each head in DiT, affect both computational cost and generation
quality. The work left is then to assign an appropriate scope to each head such
that the collective scope assignment achieves the best trade-off between efficiency
and generation quality.

Formally, let rc ∈ [0, 1], as a hyperparameter, denote the target ratio of total
computational cost for all multi-head attention operations, measured relative
to that under full attention (i.e., rc = 1 corresponds to using full attention).
The problem of determining the optimal collective scope assignment can then
be formulated as the optimization problem of minimizing the total generation
quality degradation across all heads under this computational constraint:

argmin
(n

(1)
scope,...,n

(Nhead)
scope )

Nhead∑
nhead=1

Iq(nhead, n
(nhead)
scope )

s.t.
Nhead∑

nhead=1

Ic(nhead, n
(nhead)
scope ) ≤ rc ×

Nhead∑
nhead=1

Ic(nhead, Nscope).

(8)

where n(nhead)
scope denotes the nscope-th candidate scope of the nhead-th head. Though

this optimization problem appears complex, following MoA [44], it can be re-
formulated as an integer programming problem, enabling Eq. 8 to be efficiently
solved using linear solvers (e.g., Gurobi [10]) within minutes.

Through the above two preparatory steps, we obtain a collective scope as-
signment that can substantially enhance generation efficiency while maintaining
high generation quality, requiring only a few DiT passes and a single call to an
existing linear solver. Once derived, this assignment can be precompiled into
GPU kernels (e.g., via FlashInfer [42]). During inference, the precompiled as-
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Table 1: Results on 2K and 4K image generation. Notably, by their design, I-Max is
applicable to FLUX but not to Stable Diffusion 3 (SD3), whereas FreCaS is applicable
to SD3 but not to FLUX.

Resolution Model Type Method FID ↓ FIDp ↓ KID ↓ KIDp ↓ CLIP Score ↑ Latency(s) ↓

2k

U-Net backbone SDXL [29] + FreeScale [32] 73.23 65.04 0.0093 0.0132 30.57 26

DiT-based backbone

SD3 [8] (Direct) 81.34 70.88 0.0215 0.0194 30.23 17
SD3 [8] + DemoFusion [6] 72.21 59.24 0.0132 0.0125 31.40 35
SD3 [8] + DiffuseHigh [18] 70.57 57.39 0.0119 0.0112 31.59 20
SD3 [8] + FreCaS [49] 73.27 63.55 0.0139 0.0132 31.41 16
SD3 [8] + HiFlow [3] 70.49 57.35 0.0126 0.0110 31.62 18
SD3 [8] + Ours 67.90 52.59 0.0081 0.0073 31.81 11
FLUX [20] (Direct) 73.96 69.56 0.0173 0.0164 29.63 47
FLUX [20] + DemoFusion [6] 68.95 60.53 0.0127 0.0120 30.83 94
FLUX [20] + DiffuseHigh [18] 67.40 58.63 0.0115 0.0108 31.01 52
FLUX [20] + I-Max [7] 68.37 56.96 0.0121 0.0106 30.67 85
FLUX [20] + HiFlow [3] 67.45 56.79 0.0117 0.0105 30.73 49
FLUX [20] + Ours 64.42 51.55 0.0074 0.0067 31.27 35

4k

U-Net backbone SDXL [29] + FreeScale [32] 74.85 68.89 0.0112 0.0157 30.49 248

DiT-based backbone

SD3 [8] (Direct) 84.29 74.45 0.0243 0.0231 30.18 108
SD3 [8] + DemoFusion [6] 73.39 60.75 0.0141 0.0133 31.16 229
SD3 [8] + DiffuseHigh [18] 71.88 58.76 0.0130 0.0126 31.35 115
SD3 [8] + FreCaS [49] 79.30 72.82 0.0226 0.0213 30.32 86
SD3 [8] + HiFlow [3] 71.39 58.40 0.0133 0.0118 31.59 112
SD3 [8] + Ours 68.63 53.04 0.0089 0.0079 31.79 58
FLUX [20] (Direct) 75.68 72.73 0.0192 0.0188 29.57 203
FLUX [20] + DemoFusion [6] 71.18 62.38 0.0150 0.0142 30.48 649
FLUX [20] + DiffuseHigh [18] 69.23 59.13 0.0132 0.0125 30.97 215
FLUX [20] + I-Max [7] 70.11 59.83 0.0142 0.0133 30.52 484
FLUX [20] + HiFlow [3] 68.36 57.43 0.0124 0.0114 30.62 209
FLUX [20] + Ours 64.91 51.84 0.0078 0.0074 31.17 116

signment can then be applied to eliminate redundant attention computations in
a cost-free manner, thereby effectively addressing the long generation time issue
encountered by off-the-shelf DiT models when adapted to high resolutions.

3.3 Overall Testing

For testing at the high resolution, before testing, HRDiT first performs the
one-time preparatory stage described in Sec. 3.2, to determine an appropriate
collective scope assignment plan across different attention heads. For per-input
generation (testing), HRDiT adopts the determined scope plan to enhance effi-
ciency (handling the long generation time problem). Notably, in both the one-
time preparatory stage and the per-input generation process, HRDiT computes
the per-token contribution cSPA

i,j via Eq. 6 to address the spatial disorder issue.

4 Experiments

4.1 Experimental Settings & Implementation Details.

To evaluate the efficacy of our HRDiT framework, we apply it to several popular
off-the-shelf DiT models, including Stable Diffusion 3 (SD3) [8] and FLUX [20].
Following the settings in [3, 32], we conduct experiments on both 2K (2048 ×
2048) and 4K (4096 × 4096) image generation. For text prompts used in our
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evaluation, following [6,18], we randomly sample 1,000 captions from the LAION-
5B dataset [34]. To assess image quality, following [18], we report evaluation
metrics including Fréchet Inception Distance (FID), Kernel Inception Distance
(KID), their patch-based counterparts (FIDp and KIDp), and the CLIP score.
In addition, we report the per-generation runtime to evaluate efficiency. We set
the hyperparameters Nscope = 50, rc = 0.1. We conduct our experiments on
NVIDIA H200 GPU. More experimental settings and implementation details
are in Supplementary.

4.2 Main Results

In our experiments, we compare against three categories of methods: (1) Di-
rect, which directly scales off-the-shelf DiT models to higher-resolution gener-
ation by passing them higher-resolution initial noises; (2) recent training-free
text-to-high-resolution image generation methods applicable to DiT models, in-
cluding the DiT-tailored method I-Max [7], and methods that focus on mod-
ifying the diffusion process of diffusion models [3, 6, 18, 49]; (3) the state-of-
the-art training-free text-to-high-resolution image generation method that is
tailored to U-Net-based diffusion models (i.e., FreeScale [32]). For FreeScale,
following its original setting, we apply it to the U-Net-based model Stable Dif-
fusion XL (SDXL) [29]. We present the main quantitative results in Tab. 1.

Prompts
FLUX

(Direct)

FLUX

+ DemoFusion

FLUX

+ DiffuseHigh

FLUX      

+ I-Max

FLUX   

+ HiFlow

FLUX

+ Ours

SD3

(Direct)

SD3

+ DemoFusion

SD3

+ DiffuseHigh

SD3

+ FreCaS

SD3

+ HiFlow

SD3

+ Ours

Inside a 

massive tiered 

lecture hall 

filled to 

capacity with 

students. 

A textbook 

shows a large 

group of 

people.

An outdoor 

barbecue grill 

is set up in the 

backyard.

A beautifully 

detailed doll’s 

house.

Fig. 4: Qualitative results of the 4K images gener-
ated by our method and by other methods (zoom-
in for better view). More qualitative results are in
Supplementary.

As shown, across both 2K
and 4K generation tasks, our
method consistently outper-
forms all baselines on all five
metrics assessing generation
quality, showing its strong abil-
ity to produce high-quality,
high-resolution images. More-
over, when applied to either
Stable Diffusion 3 (SD3) or
FLUX, our method achieves
substantial efficiency gains over
all existing approaches under
the same DiT backbone, vali-
dating its efficacy in address-
ing the long generation time
challenge. Qualitative compar-
isons in Fig. 4 further con-
firm that existing methods of-
ten yield high-resolution images with spatial disorder (marked by red boxes),
while our method preserves strong spatial coherence, further showing its effi-
cacy.



HRDiT: Training-Free High-Resolution Image Generation 15

Table 3: Additional results on 8K image generation.

Resolution Model Type Method FID ↓ FIDp ↓ KID ↓ KIDp ↓ CLIP Score ↑ Latency(s) ↓

8k

U-Net backbone SDXL [29] + FreeScale [32] 76.51 70.50 0.0123 0.0176 30.44 3958

DiT-based backbone

SD3 [8] (Direct) 86.75 77.68 0.0258 0.0251 30.01 822
SD3 [8] + DemoFusion [6] 76.07 65.22 0.0207 0.0206 30.96 2720
SD3 [8] + DiffuseHigh [18] 73.30 60.97 0.0166 0.0161 31.19 889
SD3 [8] + FreCaS [49] 81.19 76.06 0.0241 0.0232 30.16 635
SD3 [8] + HiFlow [3] 73.72 61.77 0.0179 0.0173 31.44 832
SD3 [8] + Ours 69.51 54.47 0.0096 0.0083 31.71 454
FLUX [20] (Direct) 78.47 74.59 0.0212 0.0201 29.34 1708
FLUX [20] + DemoFusion [6] 75.72 68.71 0.0201 0.0187 30.03 5749
FLUX [20] + DiffuseHigh [18] 71.02 63.87 0.0169 0.0158 30.69 1835
FLUX [20] + I-Max [7] 72.54 65.34 0.0196 0.0183 30.23 4488
FLUX [20] + HiFlow [3] 70.67 60.79 0.0142 0.0136 30.43 1721
FLUX [20] + Ours 65.73 53.55 0.0089 0.0084 31.04 827

4.3 Additional Experiments and Ablation Studies

Additional experiments on 8K (8192 × 8192) generation. To assess scal-
ability, in addition to 2K and 4K, we further evaluate our framework on 8K
generation. As shown in Tab. 3, our method consistently achieves highest gen-
eration quality and fastest generation speed across both Stable Diffusion 3 and
FLUX, further showing its efficacy at even higher resolutions. Qualitative 8K
results are in Supplementary.

Table 2: Evaluation on key components in
HRDiT.
Method FID ↓ FIDp ↓ KID ↓ KIDp ↓ CLIP Score ↑ Latency(s) ↓
FLUX [20] (Direct) 75.68 72.73 0.0192 0.0188 29.57 203
Ours (w/o SPA) 75.85 72.83 0.0195 0.0192 29.55 110
Ours (w/o HAP) 64.82 51.81 0.0076 0.0074 31.19 212
Ours (full) 64.91 51.84 0.0078 0.0074 31.17 116

Impact of key components in the
HRDiT framework. In our frame-
work (Ours (full)), we integrate two
key components: SPA and HAP. To
assess the contribution of each com-
ponent, we test two variants, on 4K
image generation task using FLUX as
the generation model. In the first vari-
ant (Ours (w/o SPA)), we replace cSPA

i,j with the original ci,j in Eq. 3 as the
per-token contribution. In the second variant (Ours (w/o HAP)), we do not
apply the determined attention scope assignment plan to prune “redundant” at-
tention computations. Instead, we direct employ the full attentions scope for all
heads. As shown in Tab. 2, our full framework significantly outperforms the first
variant in generation quality. Meanwhile, it also achieves substantially faster gen-
eration speed than the second variant, with negligible degradation in generation
quality. Together, these results validate the efficacy of both key components in
our framework. More ablation studies are in Supplementary.

5 Conclusion

In this paper, we have proposed HRDiT, a novel training-free framework for text-
to-high-resolution image generation. HRDiT integrates two components, SPA
and HAP, to address two key challenges, spatial disorder and long generation
time, thereby enabling off-the-shelf DiT models to be effectively adapted for
high-resolution synthesis. Extensive experiments show HRDiT’s efficacy.
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