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Abstract

Diffusion models face a fundamental trade-off between
generation quality and computational efficiency. Latent
Diffusion Models (LDMs) offer an efficient solution but
suffer from potential information loss and non-end-to-end
training. In contrast, existing pixel space models by-
pass VAEs but are computationally prohibitive for high-
resolution synthesis. To resolve this dilemma, we propose
DiP, an efficient pixel space diffusion framework. DiP
decouples generation into a global and a local stage: a
Diffusion Transformer (DiT) backbone operates on large
patches for efficient global structure construction, while a
co-trained lightweight Patch Detailer Head leverages con-
textual features to restore fine-grained local details. This
synergistic design achieves computational efficiency com-
parable to LDMs without relying on a VAE. DiP is accom-
plished with up to 10X faster inference speeds than previous
method while increasing the total number of parameters by
only 0.3%, and achieves an 1.79 FID score on ImageNet
256%x256.

1. Introduction

Diffusion models [18, 19, 26, 37, 40, 43, 46-48, 56, 60]
have reshaped the landscape of generative visual content.
With its outstanding generative capabilities of fidelity and
diversity, they have established new state-of-the-art bench-
marks across a multitude of tasks, including image syn-
thesis [3, 6-8, 11, 52, 59, 66, 68, 72, 73], video genera-
tion [13, 35, 62, 69], and 3D object creation [63-65], de-
cisively surpassing prior paradigms like Generative Adver-
sarial Networks (GANSs) [14, 25, 34, 39, 67, 74]. However,
this generative prowess is underpinned by immense compu-
tational demands. Consequently, the inherent trade-off be-
tween generation quality and computational efficiency thus
stands as one of the most critical challenges in the field of
diffusion models today.

To mitigate this challenge, Latent Diffusion Models
(LDMs) [41] have emerged as the de facto standard. By em-
ploying a pre-trained autoencoder (VAE) [29] to compress
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Figure 1. Comparison of vanilla latent diffusion model, vanilla
pixel diffusion model and our method. Vanilla LDMs utilize VAEs
to balance computational efficiency and generation quality. Vanilla
pixel diffusion models use small patches to pursue detailed gener-
ation quality. Our method achieves high-quality generation while
maintaining efficient end-to-end training in pixel space.

high-resolution images into a compact latent space, LDMs
significantly reduce the computational complexity of the it-
erative denoising process, as shown in Figure 1(a). Never-
theless, this approach is not without its limitations, includ-
ing potential information loss [4, 16, 27, 58] during VAE
compression and a non-end-to-end training pipeline.

The most direct solution to eliminate the shortcomings of
LDMs is to train a diffusion model in pixel space. However,
existing pixel space diffusion models [5, 9, 21, 22, 28, 49],
particularly those based on the powerful Transformer ar-
chitecture [51], face a severe scalability issue. As shown
in Figure 1(b), to capture fine-grained details, they typi-
cally rely on small input patches (e.g. 2x2 or 4x4), causing
the input sequence length to grow quadratically with image
resolution. This quadratic scaling renders high-resolution
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Figure 2. Our method achieves the best FID score with mini-
mal computational cost. (Note: LDM latency includes VAE. The
methods marked with dashed lines ( -..) are our estimated latency
based on the sampling method in the corresponding paper, and
should actually be greater than the marked values. The rest meth-
ods are the actual test results in the same hardware environment.)

training and inference computationally intractable, creat-
ing a formidable barrier to their practical application.

In this paper, we aim to resolve this critical trade-off
in pixel diffusion models. We propose an efficient pixel
space diffusion framework called DiP. As shown in Fig-
ure 1(c), for efficient global structure construction, we em-
ploy a DiT [37] backbone. Critically, we configure it to
operate on large image patches (e.g., 16x16). This setting
choice drastically reduces the input sequence length, align-
ing it with that of mainstream LDMs operating in latent
space. Consequently, our model achieves computational
efficiency comparable to LDMs while remaining entirely
VAE-free, enabling it to effectively capture the global lay-
out and semantic content of the image. However, operat-
ing on large patches alone inevitably leads to blurry out-
puts lacking high-frequency details. To address this, we in-
troduce a lightweight Patch Detailer Head (only 0.3% in-
crease in total parameters), which is not a post-processing
module but an integral component co-trained with the DiT
backbone. For each large patch, it receives contextual fea-
tures from the DiT and leverages its strong local receptive
fields to synthesize the missing high-frequency information.
This synergistic design allows the DiT backbone to focus on
the computationally demanding task of global consistency,
while the efficient Patch Detailer Head specializes in local
texture and detail restoration. As demonstrated in Figure 2,
our approach sets a new state-of-the-art on the efficiency-
quality frontier, achieving superior FID scores at signifi-
cantly lower latency compared to existing methods. Our
main contributions are summarized as follows:

* We propose DiP, a new end-to-end pixel diffusion model
framework that effectively alleviates the trade-off be-
tween generation quality and computational efficiency
through synergistic global-local modeling.

* We systematically validate the impact of different archi-
tectural designs of our framework, hoping to provide the
community with a unified, principled framework.

* On ImageNet generation benchmarks, our framework
achieves state-of-the-art performance and lowest infer-
ence latency with low training costs.

2. Related Work

Latent Diffusion Models. Latent Diffusion Models
(LDMs) [2, 3, 12, 38, 41, 56, 61] have become the de-facto
paradigm for large-scale generative modeling due to their
computational efficiency and scalability. By performing the
diffusion process in a compressed latent space learned by a
VAE, LDMs drastically reduce memory and computational
costs. Architectural advancements within this paradigm,
such as replacing the U-Net [42] backbone with a more
scalable Transformer (DiT) [37], have further pushed the
boundaries of generation quality. Despite their success, this
efficiency comes at a cost: the VAE acts as an informa-
tion bottleneck, imposing a hard ceiling on the final im-
age fidelity and often introducing subtle reconstruction ar-
tifacts [45, 58]. Our work circumvents these limitations by
proposing an equally efficient architecture that operates di-
rectly in pixel space, thereby eliminating the VAE-induced
quality constraints.

Pixel Diffusion Models. Recent years have seen renewed
interest in pixel space diffusion models that aim to max-
imize signal fidelity while addressing computational inef-
ficiency. Early works such as ADM [9] and DDPM [19]
demonstrated the power of diffusion but were constrained
by the quadratic complexity of their backbones, rendering
them impractical for high resolutions. Multi-scale and im-
age patch-based methods [5, 10, 21, 22, 22] further en-
hance the generation effect by decomposing large images
into small patches. However, these methods essentially sim-
ulate locality through brute-force training, which leads to
extremely low efficiency. Concurrent work JiT [32] demon-
strates that high-dimensional data in pixel space can be ef-
fectively modeled by predicting clean images. Recent work
by PixelNerd [54] leverages a Transformer to process image
features, which then conditions a NeRF-like coordinate net-
work to act as a renderer for finely reconstructing each im-
age patch, achieving impressive performance. Nevertheless,
PixelNerd tightly couples the success of its method with this
specific NeRF-like rendering mechanism, which may limit
the exploration of a broader design space. We argue that the
key to achieving efficient and high-quality pixel space gen-
eration lies not in relying on a specific structure like NeRF,
but rather in the design principle of decoupling global struc-
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ture construction from local detail refinement. Based on this
insight, this paper aims to provide a more principled, effi-
cient, and general solution for pixel space diffusion models.

3. Methods

3.1. Preliminaries

A diffusion process gradually perturbs an initial data sample
Xo ~ ¢ (Xo) from the true data distribution into isotropic
Gaussian noise:

x; = Vayxo + V1 — ae,

where oy = 1 — By and &y = [['_, . {B:}T_, is a prede-
fined variance schedule that controls the noise level at each
step. Ast — T,a; — 0, and the distribution of x7 con-
verges to a standard normal distribution p (x7) ~ N (0,I).

This discrete formulation can be generalized to a
continuous-time setting via a stochastic differential equa-
tion (SDE):

where € ~ N(0,I), (1)

dx = f(x,t)dt + g(t)dw, ()

where f (-, t) is the drift and g(¢) is the diffusion coefficient.

The trajectory of this reverse process is governed by a
corresponding probability flow ordinary differential equa-
tion (ODE):

dx = [f(x,1) — g(t)*Vx log ps(x)] dt. 3)

Learning to generate data is thus equivalent to learning
the score function log p;(x) or the associated vector field
of this ODE. To train a neural network for this task, sev-
eral objectives have been proposed. DDPM trains a model
€9 (x¢,1) to predict the noise component # from a noisy
sample x;:

Looen = Erc [le—eo e t)P] . @)

Flow Matching (FM) [12] provides a simulation-free
paradigm for directly learning the vector field. It defines a
conditional probability path p; (x | x¢) and a corresponding
target vector field u;(x). A network vg(x, t) is then trained
to regress this field by minimizing the loss:

Lint = By iy [ [10) = v, O] )
3.2. Motivation

DiT models the long-range dependencies of an image by
partitioning it into a sequence of patches, thereby forming a
coherent global structure. However, while the self-attention
mechanism excels at modeling macroscopic relationships
between patches, it compresses the rich spatial information
within each patch into a single, flattened token. This design
introduces an inherent limitation: the model can adeptly

origin image

20k steps 60k steps 100k steps
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Figure 3. Overfitting the DiT-only model using a single image
in pixel space leads to poor detail reconstruction. Introducing a
local inductive bias achieves better reconstruction and accelerates
convergence. Please zoom in for details.
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Figure 4. The t-SNE visualization of feature space. In the Im-
ageNet validation set, 100 samples were randomly selected from
each of the 10 classes for feature visualization. Features are ex-
tracted using DiT-only and our method, with each class shown in
a distinct color.

learn the coarse-level layout and arrangement of patches
but struggles to model the fine-grained textures and high-
frequency details within each patch, consequently limiting
the upper bound of its image generation performance.

To empirically validate this, we conduct a preliminary
experiment by overfitting a DiT model on a single high-
resolution image in the pixel space. As shown in Figure 3,
the model successfully captures the global layout and color
palette but fails to render fine textures and sharp edges, re-
sulting in a blurry reconstruction. This result demonstrates
that when a DiT architecture operates directly on images,
it suffers from a lack of inductive bias [1, 15, 24, 57] at
the local level, rendering it incapable of achieving precise
pixel-level reconstruction within each patch.

This motivates our core design principle: to augment the
global Transformer with a dedicated module that explicitly
re-injects this missing inductive bias for local details. In this
way, our model can leverage the computational efficiency
afforded by large patch sizes while simultaneously generat-
ing high-quality images with fine-grained details. As shown
in Figure 4, our method achieves tighter intra-class clus-
ters and clearer inter-class separation, whereas vanilla DiT
exhibits more mixed distributions. This means that the in-
troduction of local inductive bias can more effectively inte-
grate local textures and edge cues in pixel space and thus
improves high-level semantic separability and feature con-
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Figure 5. Patch Detailer Head with local inductive bias was placed at different locations in the model. The results in Sec. 4.3 show that all

three methods offer gains compared to DiT-only.

sistency. Such improvements are expected to yield more
stable structural alignment and better detail during genera-
tion process.

3.3. Framework

Based on the above observation, we introduce a framework
for high-quality image generation that operates directly in
pixel space. DiP first employs a DiT to model the global
structure and long-range dependencies of the image. Sub-
sequently, a lightweight Patch Detailer Head refines the out-
put at the patch level, introducing a local inductive bias to
synthesize high-frequency details.

Global Structure Construction (DiT Backbone). Given
a noisy image x; € RHXW X3 at timestep ¢, we first par-
tition it into a sequence of non-overlapping patches. Each
patch has a size of Px P (we set P=16), resulting in a se-
quence of N=(H x W)/ P? patches. This patching strategy
ensures our pixel space model maintains a computational
footprint comparable to latent space DiT models. Along
with a timestep embedding and positional embeddings, they
are fed into a series of DiT blocks to produce a sequence of
context-aware output features Sgigbal € RN*DP_where D is
the feature dimension.

Local Detail Refinement (Patch Detailer Head). The
Patch Detailer Head operates independently and in paral-
lel on each patch. For each patch ¢, it takes two inputs:
the corresponding global context map s; and the original
noisy pixel patch p; € R3*P*F where s; € RP*1x1 jg
obtained by reshaping and expanding Sgiopa. Its objective
is to leverage the global context from Syioba to accurately
interpret the local noisy information in p;, ultimately pre-
dicting the corresponding noise component ¢; € R3*F*P
for that patch. After processing all N patches in parallel,
the resulting sequence of predicted noise patches {Gi}ilil is
reassembled into a full-resolution noise prediction map.

3.4. Architecture Design

Exploring Patch Detailer Head Architectures. We in-
vestigated several architectures for the Patch Detailer Head,
each embodying a different form of inductive bias. Our goal
is to present a simple, effective and highly efficient design.
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Figure 6. Patch Detailer Head framework. This design introduces
the local inductive bias that DiT-only lacks with a low number of
parameters, resulting in a high-quality image with rich detail.

e Standard MLP. As a simple baseline, we used MLP that
takes the feature vector s; and a flattened noisy patch p;
as input. While straightforward, this design lacks any in-
herent spatial bias, treating all pixels within the patch as
an unordered set.

* Coordinate-based MLP. To introduce spatial awareness, a
design inspired by NeRF can be adopted [54]. For each
pixel within p;, we concatenate its normalized 2D coor-
dinates. s; is used to dynamically generate the weights
of a small, coordinate-based MLP. This implicitly learns
a continuous function of the image patch, but it lacks the
strong priors for local texture and structure that convolu-
tions provide.

* Intra-Patch Attention. We explored using a small Trans-

former to operate on the pixels within each patch. Each

Px P patch is treated as a sequence of P? pixel tokens.

This allows for complex, content-aware interactions be-

tween pixels but is computationally intensive and may not

be as efficient as convolutions for learning local patterns.

Convolutional U-Net (Our Final Choice). We found that

a lightweight convolutional U-Net provided the best per-

formance. The hierarchical structure of downsampling

and upsampling paths, combined with skip connections,
is exceptionally well-suited for capturing multi-scale spa-
tial features and ensuring local continuity. The inherent
inductive biases of convolutions (locality and translation
equivariance) are highly effective for denoising local tex-
tures and edges. As shown in Figure 6, we instantiate
the Patch Detailer Head with a shallow U-Net, which in-
cludes 4 downsampling and 4 upsampling blocks. Each
block consists of a sequence of Convolution, SiLU acti-
vation and pooling layer. The global feature vector s; is
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ImageNet 256x256

Method
FID| sFID|, IST Prec.t Rec.t Latency] Epochs NFE Params

Latent Generative Models
LDM [41] 3.60 - 2477 0.87 0.48 - 170 250x2 400M+86M
DiT-XL [37] 227 460 2782 0.83 0.57 2.09s 1400 250x2 675M+86M
MaskDiT-G [71] 228 567 2766 0.80 0.61 - 1600 79x2  675M+86M
SiT-XL [33] 206 450 2703 0.82 0.59 2.09s 1400 250x2 675M+86M
FlowDCN-XL [53] 200 433 263.1 0.82 0.58 - 400 250x2 618M+86M
Pixel Generative Models
CDM [20] 4.88 - 158.7 - - - 2160 4100 -
ADM [9] 394 6.14 2158 0.83 0.53 15.80s 400 500 554M
JetFormer-L [50] 6.64 - - 0.69 0.56 - 500 - 2.8B
SiD [21] 2.77 - 211.8 - - - 800 250%2 2.0B
VDM++ [28] 2.12 - 278.1 - - - - 250%2 2.46B
RIN [23] 3.42 - 182.0 - - - 480 1000 410M
Farmer/16 [70] 3.96 - 250.6  0.79 0.50 - 320 - 1.9B
PixelFlow-XL/4 [5] 198 583 282.1 0.81 0.60 7.50s 320 120x2 677TM
DiP-XL/16 216 479 276.8 0.82 0.61 0.92s 160 100x2 631M
DiP-XL/16 1.98 4.57 2829 0.80 0.62 0.70s 320 75x2 631M
DiP-XL/16 1.79 459 2819 0.80 0.63 0.92s 600 100x2 631M

Table 1. Comparison of the performance of different methods on ImageNet 256x256 with Euler solver and CFG. Performance metrics are
annotated with 1 (higher is better) and | (lower is better). Our method achieves the best FID score. Furthermore, compared to other pixel
diffusion models, we achieve the best performance across all metrics with the lowest latency.

concatenated channel-wise with the downsampling out-
put at the bottleneck. This design allows the global se-
mantic information to guide the local refinement process
effectively while keeping the parameter count minimal.

We provide experimental evidence for this part in

Sec. 4.3. Furthermore, we present a preliminary theoreti-

cal analysis in Appendix to model the necessity and effec-

tiveness of the Patch Detailer Head, aiming to offer deeper
insights.

Placement of the Patch Detailer Head. Since the main

weakness of DiT backbone being trained directly in pixel

space is its lack of local awareness, a natural design ques-
tion arises: does introducing Patch Detailer Head at differ-
ent locations in the model also bring gains? As shown in

Figure 5, we investigated three placement strategies:

* Post-hoc Refinement. The Patch Detailer Head is placed
only after the final DiT block. This creates a clean separa-
tion of concerns: the DiT is solely responsible for global
modeling, and Patch Detailer Head is solely responsible
for local refinement.

o Intermediate Injection. The Patch Detailer Head is in-
serted between DiT blocks. The refined patch representa-
tions are then projected back and fed into the subsequent

DiT blocks.
* Hybrid Injection. Patch Detailer Head are placed both at
an intermediate stage and at the end of the DiT.

Our experiments in Sec. 4.3 revealed that all three strate-
gies yield comparable performance gains over the base-
line DiT. However, the Post-hoc Refinement strategy has
a unique advantage: by placing the Head at the end, we
treat the standard DiT architecture as a fixed, black-box
backbone. This approach requires no modification to the
DiT’s internal structure, greatly simplifying implementa-
tion and potentially allowing for the use of pre-trained DiT
checkpoints. Given its optimal balance between high per-
formance and implementation simplicity, we adopt the post-
refinement strategy as the final architecture.

4. Experiments
4.1. Setup

Implementation Details. Our experiments are conducted
on the class-conditional ImageNet dataset and original im-
ages are center-cropped and resized to 256 x 256 resolution.
We set global batch size to 256. We use DDT [55], a variant
of DiT, as our model backbone and apply an Exponential

36140



Figure 7. Qualitative samples from our model trained at 256 x 256 resolution with classifier-free guidance scale of 4.0. DiP demonstrates

fine-grained detail, and high visual quality.

Moving Average (EMA) on the model weights with a decay
factor of 0.9999. In Patch Detailer Head, the kernel size of
the middle layers is set to 3, the padding to 1, and the ker-
nel size of the last convolutional layer is set to 1. Unless
otherwise specified, all samples were generated using the
Euler-100 solver. More details are included in Appendix.
Evaluation Protocol. To ensure a comprehensive and rig-
orous assessment of our model’s generative capabilities, we
adhere to the evaluation protocol established by ADM [9].
We employ a suite of standard quantitative metrics to mea-
sure performance across different dimensions. Specifically,
we use the Fréchet Inception Distance (FID) [17] to assess
overall realism and fidelity, the Spatial FID (sFID) [36] to
evaluate spatial and structural coherence, and the Inception
Score (IS) [44] to measure class-conditional diversity. Fur-
thermore, we report Precision (Prec.)/Recall (Rec.) [30] to
respectively quantify the fidelity of individual samples and
the model’s ability to cover the true data distribution. All
metrics are calculated using 50,000 generated samples.

4.2. Main Result

Performance. Table | presents a comprehensive com-
parison against recent SOTA methods with classifier-free
guidance scheduling with guidance interval [31]. After
600 training epochs, DiP achieved an FID of 1.79 without

requiring a pre-trained VAE, surpassing potentially diffu-
sion models such as DiT-XL (FID 2.27) and SiT-XL (FID
2.06), which require longer training times. DiP outper-
forms the previous best pixel-based model, PixelFlow-XL/4
(FID 1.98), and significantly exceeds others like ADM (FID
3.94) and VDM-++ (FID 2.12). Even with a shorter training
schedule of 160 epochs, our model reaches a competitive
FID of 2.16, outperforming established models like DiT-XL
that require much longer training.

Figure 7 presents qualitative samples of DiP at 256 x 256
resolution. These visualizations reveal rich detail, demon-
strating the effectiveness of introducing local inductive bias.
More visualization samples are provided in Appendix.
Computational Cost Comparison. DiP’s parameter count
(631M) is significantly smaller than other pixel models,
such as VDM++ (2.0B) and Farmer (1.9B). DiP reaches
its best performance with only 320 epochs, which is over
4x more efficient than DiT-XL and SiT-XL (1400 epochs)
and substantially faster than many other pixel-based meth-
ods like CDM (2160 epochs). In single-image inference
speed tests, DiP (0.92s) is more than 2.2 faster than DiT-
XL (2.09s) and more than 8x faster than the previous best
pixel model, PixelFlow-XL (7.50s). Furthermore, in 75-
step inference, DiP (0.70s) achieved the same FID score as
PixelFlow-XL with a speed more than 10X faster.
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ImageNet 256x256

Method
FID| sFID] ISt Prec.t Rec.t Training Cost Latency Params
Scaling Up DiT
DiT-only (26 Layers, 1152 Hidden Dim) 5.28  6.56 243.8 0.74 0.55 84x8 GPU Hours 0.88s 629M
DiT-only (32 Layers, 1152 Hidden Dim) 491 644 251.7 0.74 056 103x8 GPU Hours  1.05s 772M
DiT-only (26 Layers, 1280 Hidden Dim) 4.28 6.26 2496 0.77 0.56 103x8 GPU Hours 1.06s 776M
DiT-only (26 Layers, 1536 Hidden Dim) 2.83 5.16 285.6 0.80 0.57 149x8 GPU Hours 1.49s 1.1B
Different Patch Detailer Head
Standard MLP 6.92 727 2109 0.79 0.41  93x8 GPU Hours 0.91s 630M
Intra-Patch Attention 298 516 2750 0.80 0.56 96x8 GPU Hours 0.94s 630M
Coordinate-based MLP 2.20 449 284.6 0.80 0.58 123x8 GPU Hours  0.95s 700M
Convolutional U-Net 2.16 479 2768 0.82 0.61 92x8 GPU Hours 0.92s 631M
Table 2. Impact of different design schemes on computational overhead and performance.
Method ImageNet 512x512
FID| sFID| Prec.t Rec.t ISt Params
Latent Generative Models
DiT-XL [37] 304 502 084 054 2408  675M+86M
MaskDiT-G [71] 250 510 083 056 2563  675M+86M
FID=2.16 FID=2.24 FID=3.53 SiT-XL [33] 2.62 4.18 0.84 0.57 2522 675M+86M
(a) Post-hoc Refinement (b) Intermediate Injection (c) Hybrid Injection FlowDCN-XL [53] 244 4.53 0.84 0.54 252.8 618M+86M
Figure 8. The t-SNE visualization of feature space. Features are Pixel Generative Models
extracted using Post-hoc Refinement, Intermediate Injection, and ’;];1\;[2[19]] 23; 5'_86 0'_84 0‘_53 ii;; ﬂ?g
Hybrid Injection, with each class shown in a distinct color. VDM++ [28] 2.65 278.1 2.46B
RIN [23] 3.95 216.0 410M
4.3. Analysis DiP-XL/32 231 448 084 058 29168  63IM

In this section, we analyzed the trade-off between genera-
tion quality and computational cost during the development
of DiP, and at the same time explained the rationality of the
Patch Detailer Head we designed.

Patch Detailer Head vs. Scaling Up DiT. A common strat-
egy to improve generative models is to increase the model
size. However, our findings indicate that this is a subopti-
mal approach for pixel space diffusion models. As shown
in Table 2, increasing the DiT’s depth from 26 to 32 lay-
ers yields only a marginal improvement (FID from 5.28 to
4.91) at a considerable cost in parameters and training time.
It also means that the effectiveness of our Patch Detailer
Head comes from the introduction of effective local induc-
tive biases, rather than increasing network depth.

In contrast, widening the model proves more effective
for quality improvement. For instance, scaling the hidden
dimension to 1536 reduces the FID to 2.83. This substantial
quality gain comes at a prohibitive cost: a 74.9% increase
in parameters (from 629M to 1.1B), a 77.4% rise in training
cost (from 84 x8 to 149x8 GPU hours), and a 69.3% (from
0.88s to 1.49s) increase in inference latency. This highlights
a critical challenge with monolithic scaling, where signifi-
cant computational resources are required for performance.
Experimental Results of Exploring Patch Detailer Head
Architectures. We further investigated different architec-

Table 3. Comparison of the performance of different methods on
ImageNet 512x512 with CFG. Performance metrics are annotated
with 1 (higher is better) and | (lower is better). Our method re-
mains competitive at higher resolutions.

tures for the Patch Detailer Head to understand the impor-
tance of inductive bias in local patch refinement. (1) The
Standard MLP performs poorly (6.92 FID), even worse than
the DiT-only baseline. This is expected, as it lacks any spa-
tial inductive bias, treating patch pixels as an unordered set
and failing to capture crucial local structures. (2) The Intra-
Patch Attention shows a significant improvement over the
MLP (FID 2.98). This indicates that content-aware relation-
ships between pixels are valuable. Its training and inference
costs are only slightly higher than our final choice, but its
actual memory overhead is about twice that of the final solu-
tion. (3) The Coordinate-based MLP achieves 2.20 FID (we
are based on a reproduction of [54]). By explicitly condi-
tioning on pixel coordinates, it effectively introduces spatial
awareness. However, it requires more parameters (700M)
and a longer training time (123 x8 GPU hours) compared
to our final choice, and its implicit continuous representa-
tion may lack the strong, built-in priors for local patterns
that convolutions provide. (4) The Convolutional U-Net in-
creases the number of parameters by only 0.3% (from 629M
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Figure 9. Qualitative samples from our model trained at 512x512
resolution with classifier-free guidance scale of 4.0. DiP show-
cases fine-grained detail and rich diversity at higher resolutions.

to 631M) and achieves the best FID score with the lowest
computational cost among all Patch Detailer Head. Its suc-
cess can be attributed to highly relevant inductive biases of
convolutions. It is well-suited for capturing and preserv-
ing the continuity of local textures and edges, making it
the most efficient and effective architecture for performing
patch-level detail optimizations.

In summary, our experimental results clearly demon-
strates that introducing an appropriate local inductive bias
via a Patch Detailer Head is key to performance improve-
ment over the scaling up DiT baseline. Among the archi-
tectures explored, the Convolutional U-Net strikes the op-
timal balance between best generation quality and minimal
computational cost, making it our definitive choice.
Experimental Results of Placement of the Patch Detailer
Head. We tested the effects of introducing Patch Detailer
Head at different locations in the model. As shown in Fig-
ure 8, all three introduction modes showed significant im-
provements compared to DiT-only (FID 5.28). From the
feature visualization results, Hybrid Injection performed
worse in clustering than the other two, which may be
due to multiple local inductive biases potentially disrupting
the original structure, leading to performance degradation.
Post-hoc Refinement achieves the best performance, a re-
sult attributed to the synergy between global build and local
refinement, while its implementation is simple and easily
extensible.

4.4. Ablation Study

Performance on ImageNet 512x512. As shown in Ta-
ble 3, on 512x512 resolution, DiP achieved the best FID
score , surpassing previous methods. Figure 9 illustrates the
sampling results at 512x512, demonstrating that DiP can
also generate high-quality images. We present more quali-
tative results in Appendix.

patchsie

2 3 a E 64 128
Configuration

(a) Different Patch Detailer Head Configuration (b) The Influence of Different Patch Size

Figure 10. (a). Performance differences between different Patch
Detailer Head configurations. Depth is defined as the number of
down/up-sampling stages, and width corresponds to the number
of base channels in the convolutional layers. (b). Performance and
computational overhead differences of different patch sizes.

Impact of Patch Detailer Head Configuration. Our find-
ings reveal distinct trends for depth and width. As we
increase the depth, we observe a consistent improvement
in generation quality, although the gains exhibit diminish-
ing returns and eventually saturate. This suggests that a
multi-scale feature hierarchy is crucial for the Patch De-
tailer Head to effectively synthesize high-frequency details
across. Conversely, blindly increasing the width will not
lead to a sustained performance improvement. This indi-
cates that the role of Patch Detailer Head is not to perform
complex feature transformations, but rather to render spe-
cific details.

Impact of Patch Size. Small patch size offer superior
performance but also significantly increase computational
overhead. Our method can use large patch to shorten the
input sequence length, making our model’s computational
efficiency comparable to mainstream LDMs. As shown
in Figure 10(b), at the higher 512x512 resolution, DiP
maintains a significant performance margin over a DiT-
only baseline using smaller patch size. This validates that
our approach provides a robust solution for efficient, high-
resolution synthesis directly in pixel space.

5. Conclusion

In this paper, we addressed the fundamental trade-off be-
tween generation quality and computational efficiency in
pixel diffusion models. We introduced DiP, a new end-
to-end pixel space diffusion framework that resolves this
dilemma through a synergistic global-local modeling ap-
proach. By employing a DiT backbone on large image
patches, we achieve computational efficiency comparable
to LDMs for modeling global structures. This is comple-
mented by a co-trained, lightweight Patch Detailer Head
that expertly restores high-frequency details, effectively by-
passing the need for a VAE. Our extensive experiments on
the ImageNet benchmark demonstrate that achieves supe-
rior FID scores with significantly lower inference latency
and training costs. In the future, we plan to apply the DiP
framework to text to image and text to video tasks to further
explore the capabilities of this solution.
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