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Figure 1: Left: Comparison with other diffusion paradigms. Right: PixNerd architecture.
Our PixNerd is a streamlined LargePatch/SingleScale pixel space diffusion model. PixNerd follows the diffu-
sion transformer design, replacing the final linear projection with a neural field to model the large patch details.

ABSTRACT

The current success of diffusion transformers is built on the compressed latent
space shaped by the pre-trained variational autoencoder (VAE). However, this
two-stage training paradigm inevitably introduces accumulated errors and decod-
ing artifacts. To address these issues, researchers have returned to pixel space
modeling but at the cost of complicated cascade pipelines and increased token
complexity. Motivated by the simple yet effective diffusion transformer archi-
tectures on the latent space, we propose to model pixel space diffusion using a
large-patch diffusion transformer and employ neural fields to decode these large
patches, resulting in a single-stage streamlined end-to-end solution. We coin our
method as pixel neural field diffusion transformer (PixNerd). Thanks to the ef-
ficient neural field representation in PixNerd, we achieve 1.93 FID on ImageNet
256 × 256 and nearly 8× lower latency without any complex cascade design or
VAE compared with these previous pixel diffusion models. We also extend our
PixNerd framework to text-to-image tasks, and achieve a competitive 0.73 overall
score on the GenEval benchmark and 80.9 overall score on the DPG benchmark.

1 INTRODUCTION

The current success of diffusion transformers largely depends on variational autoencoders
(VAEs) (Rombach et al., 2022; Yao & Wang, 2025; Chen et al., 2024a). VAEs significantly re-
duce the spatial dimension of raw pixels while providing a compact and nearly lossless latent space,
substantially easing the learning difficulty for diffusion transformers. Operating in this compressed
space, diffusion transformers can effectively learn the reverse diffusion process using small patch
sizes. However, training high-quality VAEs typically requires adversarial training (Brock et al.,
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Figure 2: Selected 256 × 256 and 512 × 512 resolution samples. Generated from PixNerd-XL/16
trained on ImageNet 256× 256 resolution and ImageNet 512× 512 resolution with CFG = 3.5.

2018; Sauer et al., 2022; Rombach et al., 2022; Yao & Wang, 2025; Chen et al., 2024a) and ad-
ditional supervision (Zhang et al., 2018), introducing complex optimization challenges. Moreover,
this two-stage training paradigm leads to accumulated errors and inevitable decoding artifacts.

To address these limitations, Leng et al. (2025) has explored joint training approaches, though these
come with substantial computational costs. An alternative approach involves implementing diffusion
models directly in raw pixel space (Dhariwal & Nichol, 2021; Chen et al., 2025b; Teng et al., 2023).
In contrast to the success of latent diffusion transformers, progress in pixel-space diffusion trans-
formers proves significantly more challenging. Without the dimensionality reduction provided by
VAEs, pixel diffusion transformers allocate substantially more image tokens (Chen et al., 2025b),
requiring impractical computational resources when using the same patch size as latent diffusion
transformers. To maintain a comparable number of image tokens, pixel diffusion transformers must
employ much larger patch sizes. Unfortunately, due to the vastness of raw pixels, larger patches
make diffusion learning particularly difficult. Chen et al. (2025b); Teng et al. (2023) have proposed
cascade solutions that divide the diffusion process across different scales to reduce computational
costs. However, such a cascade approach complicates both training and inference.

In contrast to the afore-mentioned methods, we explore the performance upper bound using a large-
patch diffusion transformer on raw pixels while maintaining the same token count and compa-
rable computational requirements as latent diffusion models. Inspired by the success of implicit
neural fields in scene reconstruction (Mildenhall et al., 2021; Sitzmann et al., 2020), we propose
modeling large-patch decoding using an implicit neural field in the pixel diffusion pipeline. We
replace the traditional diffusion transformer’s linear projection with an patch-wise implicit neural
field head, leading to a novel pixel-space architecture PixNerd (Pixel Nerual Field Diffusion).

Specifically, we faithfully follow the classic diffusion transformer and design a patch-wise adaptive
neural field head, whose weights are predicted by the diffusion transformer’s last hidden features.
For each pixel within a patch, we first transform its local coordinates along with noisy pixel values
into input encoding, and then predict the diffusion velocity by the neural field MLP. Our approach
significantly alleviates the challenge of learning fine details with large-patch configurations.
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Compared to previous latent diffusion transformers and pixel-space diffusion models, our end-to-
end PixNerd offers a more streamlined and efficient solution for image generative tasks. For class-
conditional image generation on ImageNet 256× 256, PixNerd-XL/16 achieves a competitive 1.93
FID and significantly better 4.50 sFID (indicating superior spatial structure) than others. For text-
to-image generation, PixNerd-XXL/16 achieves 73.0 on the GenEval benchmark and 80.9 average
score on the DPG benchmark.

Our contributions are summarized as follows:

• We propose a new, efficient end-to-end pixel-space diffusion transformer equipped with
our proposed neural field head, dubbed PixNerd.

• For the class-to-image generation, on ImageNet 256× 256, our PixNerd-XL/16 achieves a
competitive 1.93 FID with similar computation demands as its latent counterpart.

• For the text-to-image generation, our PixNerd-XXL/16 achieves a 0.73 overall score on the
GenEval benchmark and 80.9 average score on DPG benchmark.

2 RELATED WORK

Latent Diffusion Models train diffusion models on a compact latent space shaped by a VAE.
Compared to raw pixel space, this latent space significantly reduces spatial dimensions, easing both
learning difficulty and computational demands (Rombach et al., 2022; Yao & Wang, 2025; Chen
et al., 2024a). Thus VAE has become a core component in modern diffusion models (Peebles & Xie,
2023; Ma et al., 2024; Wang et al., 2026; Karras et al., 2024; Wang et al., 2024b; Song et al., 2025;
Rombach et al., 2022). However, VAE training typically involves adversarial training and percep-
tual supervision, complicating the overall pipeline. Insufficient VAE training can lead to decoding
artifacts, limiting the broader applicability of diffusion generative models Zhou et al. (2024b). Ear-
lier latent diffusion models primarily focused on U-Net-like architectures. Peebles & Xie (2023)
introduced transformers into diffusion models, replacing the traditionally dominant U-Net. Ma et al.
(2024) further validated the transformer architecture with linear flow diffusion.

Pixel Diffusion Models have progressed much more slowly than their latent counterparts. Due to
the vastness of pixel space, learning difficulty and computational demands are typically far greater
than those of latent diffusion models (Dhariwal & Nichol, 2021; Kingma & Gao, 2023; Hoogeboom
et al., 2023). Current pixel-space diffusion models still rely on long residuals (Teng et al., 2023;
Dhariwal & Nichol, 2021), limiting further scaling. Early attempts primarily split the diffusion
process into chunks at different resolution scales to reduce computational burdens (Chen et al.,
2025b; Teng et al., 2023). Chen et al. (2025b) used the same denoising model across all scales, while
Teng et al. (2023) employed distinct models for each. However, this cascaded pipeline inevitably
complicates both training and sampling. Additionally, training these models at isolated resolutions
hinders end-to-end optimization and requires careful design. Li et al. (2025a) constructed fractal
generative models by recursively applying atomic generative modules. Zhai et al. (2024) introduces
a Transformer-based normalizing flow capable of directly modeling and generating pixels.

Generative Models with Neural Field/Function Space leverage neural fields to enhance VAEs
(Chen et al., 2024b; Park et al., 2024), and their generative capacity still stems from a latent diffu-
sion model. Gong et al. (2024) trains independent neural weights for each image before training a
generative model on these pre-collected weights. This remains a two-stage framework and poses
non-trivial challenges for large-scale training. Wang et al. (2024c) and Wang et al. (2023b) utilized
coordinate encodings to enhance diffusion model performance. Beyond diffusion-based generative
models, GAN-based methods (Ntavelis et al., 2022; Skorokhodov et al., 2021; Lin et al., 2019;
Karras et al., 2021) also utilized neural fields or coordinate encodings.

3 METHOD

3.1 PRELIMINARY

Diffusion Models gradually adds x0 with Gaussian noise ϵ to perturb the corresponding known
data distribution p(x0) into a simple Gaussian distribution. The discrete perturbation function of
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each t satisfies N (xt|αtx0, σ
2
t I), where αt, σt > 0. It can also be written as Equation (1):

xt = αtxreal + σtϵ. (1)

Moreover, as shown in eq. (2), eq. (1) has a forward continuous-SDE description, where f(t) =
d logαt

dt and g(t) =
dσ2

t

dt − (d logαt

dt σ2
t ). Anderson (1982) establishes a pivotal theorem that the for-

ward SDE has an equivalent reverse-time diffusion process as in Equation (3), so the generating
process is equivalent to solving the diffusion SDE. Typically, diffusion models employ neural net-
works and distinct prediction parametrization to estimate the score function ∇ logx pxt

(xt) along
the sampling trajectory (Song et al., 2020; Karras et al., 2022; Ho et al., 2020):

dxt = f(t)xtdt+ g(t)dw. (2)

dxt = [f(t)xt − g(t)2∇x log p(xt)]dt+ g(t)dw. (3)

Rectified Flow Model simplifies diffusion model under the framework of Equation (2) and Equa-
tion (3). Different from Ho et al. (2020), which introduces non-linear transition scheduling, the
rectified-flow model adopts a linear function to transform data to standard Gaussian noise. Instead
of estimating the score function ∇xt

log pt(xt), rectified-flow models directly learn a neural net-
work vθ(xt, t) to predict the velocity field vt = dxt = (xreal − ϵ).

Diffusion Transformer was introduced into diffusion models to replace the traditionally dominant
UNet architecture (Peebles & Xie, 2023). Given a noisy image latent xt as Equation (1), y is the
condition, t is the timestep, we first partition it into non-overlapping patches, converting it into a 1D
sequence. These noisy patches are then processed through stacked self-attention and FFN blocks,
with class label conditions incorporated via AdaLN modulation. We denote the feature of xt as Xt:

Xt = Xt + ADALN(y, t, ATTENTION(Xt)), (4)
Xt = Xt + ADALN(y, t, FFN(Xt)). (5)

Recent architectural improvements such as SwiGLU (Touvron et al., 2023a;b), RoPE (Su et al.,
2024), and RMSNorm (Touvron et al., 2023a;b) have been extensively validated in the research
community (Chu et al., 2024; Yao & Wang, 2025; Lu et al., 2024; Gong et al., 2025; Gao et al.,
2025; Liao et al., 2025).

Neural Field is usually adopted to represent a scene through MLPs that map coordinates encod-
ings to signals (Mildenhall et al., 2021; Sitzmann et al., 2020; Park et al., 2024; Lin et al., 2019; Chen
et al., 2024b). It has been widely applied to objects (Barron et al., 2021; Lombardi et al., 2019) and
surface reconstruction (Wang et al., 2021; Yu et al., 2022; Wang et al., 2023a). Specifically, recall
that an MLP consists of a Linear, SiLU, and another Linear, we regard Wn

1 as the weight for the
first linear layer in MLP, while Wn

2 is for the second. If we have a neural field with a single set
of MLP parameters θ = {W1,W2} for naive 2D scene, given the query coordinate (i, j), the co-
ordinate will be transformed into cosine/sine encodings in Equation (6) or DCT-basis encodings in
Equation (11):

PE(i, j) = sin(20πi), cos(20πi), ..., sin(2Lπi), cos(2Lπi), .... sin(2Lπj), cos(2Lπj) (6)

Then this encoding will be fed into the neural field MLP defined by θ to extract features Vn(i, j):

Vn(i, j) = MLPθ(PE(i, j)). (7)

Finally, Vn(i, j) can be used to regress the needed value, e.g., RGB (Mildenhall et al., 2021; Sitz-
mann et al., 2020), density, and SDF (Yu et al., 2022).

3.2 DIFFUSION TRANSFORMER WITH PATCH-WISE NEURAL FIELD
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Figure 3: Proof of Concept of Neural Field Head on Large Patch

While VAEs significantly reduce spatial dimensions in the latent
space, rendering a single linear projection sufficient for velocity
modeling in latent diffusion transformers, pixel diffusion transform-
ers must handle substantially larger patch sizes to maintain compu-
tational parity with their latent counterparts. As shown in the right
figure (Figure 3), under such conditions, a simple linear projection
becomes inadequate for capturing fine details.
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Figure 4: The visualization Comparison with PixDiT-L/16 under 400k training steps. With the
help of neural field representation, our PixNerd-L/16 yields promising details and better structure.

To address the limitations of linear projection, we propose modeling patch-wise velocity decod-
ing using an implicit neural field, which has been proven beneficial for fine details by Milden-
hall et al. (2021); Sitzmann et al. (2020). Formally, given the last hidden states Xn (defined
in Equation (4)) of the n-th patch in diffusion transformer, we predict neural field parameters
θn = {Wn

1 ∈ RD2×D1 ,Wn
2 ∈ RD1×D2} from Xn:

Wn
1 ,W

n
2 = LINEAR(SILU(Xn)). (8)

To decode the pixel-wise velocity vn(i, j) for the pixel coordinate (i, j) in the n-th patch feature Xn,
where i, j ∈ (0,K), we first encode the coordinates into encodings. These encodings (PE(i, j)),
along with the noisy pixel value xn(i, j)), are then fed into the neural field MLP to predict the
velocity. To enhance performance and stabilize training, we apply row-wise normalization to the
neural field parameters:

Vn(i, j) = MLPθn(CONCAT([PE(i, j),xn(i, j)])), θn = { Wn
1

||Wn
1 ||

,
Wn

2

||Wn
2 ||

}. (9)

Finally, shown in Equation (10) the pixel velocity vn(i, j) is decoded from Vn(i, j) via a linear
projection:

vn(i, j) = LINEAR(Vn(i, j)). (10)

4 EXPERIMENTS

We conduct ablation studies and baseline comparison experiments on ImageNet-256 × 256. For
class-to-image generation, we provide system-level comparisons on ImageNet-256 × 256, and re-
port FID (Heusel et al., 2017), sFID (Nash et al., 2021), IS (Salimans et al., 2016), Precision, and
Recall (Kynkäänniemi et al., 2019) as the main metrics. For text-to-image generation, we report
results collected on the GenEval (Ghosh et al., 2023) and DPG (Hu et al., 2024) benchmarks.

4.1 COMPARISON WITH BASELINES

We conduct a baseline comparison (PixDiT and PixNerd) on ImageNet 256×256. PixDiT faithfully
follows the diffusion transformers (Ma et al., 2024; Peebles & Xie, 2023), using a naive linear pro-
jection to decode the velocity field. Both PixDiT-L/16 and PixNerd-L/16 are built upon SwiGLU,
RoPE2d, RMSNorm, and trained with lognorm sampling. All optimizer configurations are consis-
tently aligned. Shown in Figure 3, neural field modeling significantly improves the performance at
large patch size settings. As shown in Figure 5a, our model consistently achieves lower velocity loss
expectations and higher representation alignment similarity. We also provide visualization compar-
isons with PixDiT-L/16 in Figure 4: PixNerd-L/16, trained for the same number of steps, generates
better details and structures. We provide the FID50K (without CFG) metrics of both PixDiT-L/16
and our PixNerd-L/16 in Figure 5b. PixNerd yields much better FID scores (lower is better).
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Figure 5: Quantitative Comparison with PixDiT-L/16 under 400k training steps. Our PixNerd-
L/16 achieves consistently lower REPA loss and flow matching loss than its diffusion transformer counterpart.
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Figure 6: Ablations studies of PixNerd. We conduct ablation studies on class-to-image generation bench-
mark ImageNet256× 256 with PixNerd-L/16.

4.2 NEURAL FIELD HEAD DESIGN

We conduct ablation studies on PixNerd-L/16, which comprises 22 transformer layers with 1024
channels. The Neural Field head is configured to have a computational burden comparable to that
of a two-layer transformer block, so PixNerd-L/16 has inference latency similar to its counterpart,
PixDiT-L/16 (24 transformer layers with 1024 channels). The detailed inference and training re-
source consumption can be found in the appendix.

Neural Field Normalization As illustrated in Figure 6a, we evaluate different neural field nor-
malization strategies. Our baseline compares three approaches: (1) normalizing only the first weight
(FC1), (2) normalizing both weights (FC1/FC2), and (3) our default strategy that additionally nor-
malizes the output features. Experiments demonstrate that the default strategy achieves optimal
performance and convergence speed. More discussion of normalization techniques can be found in
the appendix.

Neural Field MLP Channels We conduct an empirical study of different MLP channel configu-
rations (36, 64, and 72 channels) as shown in Figure 6b. Our experiments reveal that: (1) a minimal
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configuration of 36 channels leads to noticeable performance degradation compared to 64 chan-
nels; (2) while the 72-channel variant achieves marginally better results, it incurs significant com-
putational overhead, including slower training speed and increased parameter count. Based on this
trade-off analysis, we select 64 channels as our default configuration.

Neural Field MLP Depth We investigate the impact of neural field depth by evaluating PixNerd-
L/16 with 1, 2, and 4 MLP layers, as shown in Figure 6c. Our experiments demonstrate consistent
performance improvements with increasing network depth. However, considering the trade-off be-
tween computational efficiency (inference latency and training speed) and model performance, we
establish the 2-layer configuration as our optimal default architecture.

Coordinate Encodings We propose a novel DCT-Basis coordinate encoding as following:

DCT-PE(i, j) = {cos(k1i) cos(k2j), }k1,k2∈(0,K]. (11)

We compare the DCT-Basis coordinate encoding (defined in Equation (11)) with traditional sine/-
cosine encoding in Figure 12. Our DCT-based encoding achieves significantly better results than
sine/cosine encoding in terms of both convergence and final outcome. We place the implementation
details of DCT-Basis encoding in the appendix.

4.3 INFERENCE SCHEDULER DESIGN

Interval Guidance Classifier-free guidance (Peebles & Xie, 2023; Ma et al., 2024; Ho & Sali-
mans, 2022) is a commonly used technique to improve the diffusion model performance. Interval
guidance (Kynkäänniemi et al., 2024) is an improved cfg technique, and has been validated by recent
works (Yao & Wang, 2025; Wang et al., 2026). We sweep different CFG values from 3.0 to 5.0 with
a step of 0.2 to find the optimal CFG scheduler of PixNerd-XL/16 (800k training steps). As shown
in Figure 6e, it achieves best result FID10k result with 3.4 or 3.6 within the interval [0.1, 1].

Sampling Solver In Figure 6f, we armed PixNerd-XL/16 with an Euler solver and an Adams-like
linear multistep solver with 2/4 orders. The Adams-2 order solver consistently achieves better results
than the Euler solver with limited sampling steps. Due to the learning difficulty of pixel spaces, the
Adams-4-order solver performs unstably compared to the Euler and Adams2 solvers.

4.4 CLASS-TO-IMAGE GENERATION

Training Details In class-to-image generation, to ensure a fair comparative analysis, we did not
use gradient clipping and learning rate warm-up techniques. We adopt EMA with 0.9999 to stabilize
the training. Our default training infrastructure consisted of 8× A100 GPUs.

Visualizations We placed the selected visual examples from PixNerd-XL/16 trained on Ima-
geNet 256 × 256 and ImageNet 512 × 512 at Figure 2. Our PixNerd-XL/16 can generate images
with promising details. We generate these images with a CFG of 3.5 and the Euler-50 solver.

ImageNet 256× 256 Benchmark We report the metrics of PixNerd-L/16 and PixNerd-XL/16 in
Table 1. Under merely 160 training epochs, PixNerd-L/16 achieves 2.64 FID, significantly better
than other pixel generative models like Jetformer (Tschannen et al., 2024), FractalMAR (Li et al.,
2025a). Further, PixNerd-XL/16 achieves 2.29 FID under 50 steps with the Euler solver. When used
with Adams-2-order-solver (Adam2 for brevity), PixNerd-XL/16 (800k training steps) achieves 2.16
FID, comparable to DiT. With enough sampling steps and training iterations, PixNerd-XL/16 (1600k
training steps) boosts FID to 1.93 under 100 steps. We also provide PixNerd-XL/8, which achieves
1.87 FID within 800K training iterations. Moreover, our PixNerd has a much lower latency com-
pared to other pixel space generative models.

4.5 TEXT-TO-IMAGE GENERATION

Data Preprocess Details For text-to-image generation, we trained our model on a mixed dataset
containing approximately 45M images from open-sourced datasets, e.g., SAM (Kirillov et al., 2023),
JourneyDB (Sun et al., 2023), ImageNet-1K (Russakovsky et al., 2015). The detailed data source can
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ImageNet 256×256 with CFG
Params Epochs NFE Latency(s) FID↓ sFID↓ IS↑ Pre.↑ Rec.↑

Latent Generative Models
LDM-4 (Rombach et al., 2022) 400M + 86M 170 250x2 / 3.6 / 247.7 0.87 0.48
DiT-XL (Peebles & Xie, 2023) 675M + 86M 1400 250x2 2.82 2.27 4.60 278.2 0.83 0.57

SiT-XL (Ma et al., 2024) 675M + 86M 1400 250x2 2.82 2.06 4.50 270.3 0.82 0.59
FlowDCN (Wang et al., 2024b) 618M + 86M 400 250x2 / 2.00 4.33 263.1 0.82 0.58

REPA (Yu et al., 2024) 675M + 86M 800 250x2 2.82 1.42 4.70 305.7 0.80 0.64
DDT-XL (Wang et al., 2026) 675M + 86M 400 250x2 2.92 1.26 4.51 310.6 0.79 0.65

MAR-L (Li et al., 2025b) 479M + 86M 800 / / 1.78 / 296.0 0.81 0.60
CausalFusion (Deng et al., 2024) 676M + 86M 800 250x2 / 1.77 - 282.3 0.82 0.61

Pixel Generative Models
ADM (Dhariwal & Nichol, 2021) 554M 400 250 21.3 4.59 5.13 186.7 0.82 0.52

RDM (Teng et al., 2023) 553M + 553M / / / 1.99 3.99 260.4 0.81 0.58
JetFormer (Tschannen et al., 2024) 2.8B / / / 6.64 / / 0.69 0.56
FractalMAR-H (Li et al., 2025a) 844M 600 / / 6.15 / 348.9 0.81 0.46

PixelFlow-XL/4 (Chen et al., 2025b) 677M 320 / 10.1 1.98 5.83 282.1 0.81 0.60

PixDiT-L/16 (Euler-50) 458M 160 50x2 0.48 4.11 6.61 256.38 0.75 0.56
PixNerd-L/16 (Euler-50) 458M 160 50x2 0.51 2.64 5.25 297 0.78 0.60

PixNerd-XL/16 (Adam2-50) 700M 160 50x2 0.64 2.16 4.93 291 0.78 0.60
PixNerd-XL/16 (Euler-100) 700M 160 100x2 1.28 2.15 4.55 297 0.79 0.59
PixNerd-XL/16 (Euler-100) 700M 320 100x2 1.28 1.93 4.50 298 0.80 0.60
PixNerd-XL/8 (Euler-100) 700M 160 100x2 1.98 1.87 4.36 298 0.79 0.61

Table 1: System performance comparison on ImageNet 256 × 256 class-conditioned generation.
Our PixNerd-XL/16 achieves comparable results with latent diffusion models under similar computation de-
mands while achieving much better results than other pixel space generative models. The detailed interval
guidance configuration can be found in the appendix.

GenEval Benchmark
#Params Sin.Obj. Two.Obj. Counting Colors Pos Color.Attr. Overall

latent diffusion model
LDM (Rombach et al., 2022) 1.4B 0.92 0.29 0.23 0.70 0.02 0.05 0.37
DALL-E 2 4.2B 0.94 0.66 0.49 0.77 0.10 0.19 0.52
DALL-E 3 - 0.96 0.87 0.47 0.83 0.43 0.45 0.67
Imagen 3B - - - - - - -
SD3 (Esser et al., 2024) 8B 0.98 0.84 0.66 0.74 0.40 0.43 0.68
Transfusion (Zhou et al., 2024a) 7.3B - - - - - - 0.63

pixel diffusion model
PixelFlow-XL/4 (Chen et al., 2025b) 882M + 3B - - - - - - 0.60
PixelFlow-XL/4† (Chen et al., 2025b) 882M + 3B - - - - - - 0.64

PixNerd-XXL/16 1.2B + 1.7B 0.97 0.86 0.44 0.83 0.71 0.53 0.73

Table 2: Comparsion with other text-to-image models on GenEval Benchmark.† indicates prompt
rewriting. Parameters consist of denoiser+text encoder+vae. Our PixNerd-XXL/16 achieves competitive per-
formance compared with others under a much-limited data scale (45M images).

be found in the appendix. We recaption all the images with Qwen2.5-VL-7B (Wang et al., 2024a)
to yield English caption descriptions of various lengths. Note that our caption results only contain
English descriptions. All the images are cropped into a square shape of 256 × 256 or 512 × 512,
we do not adopt various aspect ratio training. We leave the native resolution Wang et al. (2025) or
native aspect training (Gong et al., 2025; Gao et al., 2025; Liao et al., 2025) as future work.

Training Details We adopt Qwen3-1.7B1 as the text encoder. To improve the alignment of frozen
text features Fan et al. (2024), we jointly train several transformer layers on the frozen text features
similar to Fan et al. (2024). To further enhance the generation quality, we adopt an SFT stage at
resolution 512 × 512 with the dataset released by Chen et al. (2025a). The total batch size is 1536
for 256 × 256 resolution pretraining and 512 for 512 × 512 resolution pretraining. We trained
PixNerd on 256× 256 resolution for 200K steps and trained on 512× 512 resolution for 80K steps.
The default training infrastructure consisted of 16× A100 GPUs. We use the Adams-2nd solver
with 25 steps as the default choice for sampling.

1https://huggingface.co/Qwen/Qwen3-1.7B
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Surreal landscape where a waterfall 
flows upward into a floating island, 
lush vegetation clinging to the cliffs, 
and a rainbow arching overhead.

Bustling Moroccan marketplace 
at sunset: colorful rugs hang 
from stone archways, vendors 
sell spices in copper bowls, 
camels rest under striped tents. 
Loose, expressive watercolor 
style with warm 
terracotta/saffron hues.

Mechanical octopus with brass 
tentacles/glowing energy cores 
navigates a submerged city of 
rusted gears/coral-covered steam 
engines. Bubbles rise through 
green-tinted water, sunlight filters 
through kelp forests—blending 
Victorian machinery and 
underwater fantasy.

Neon-lit Miami beach at dusk: 
pink/purple palm trees line the 
boardwalk, chrome 
convertible parked by the 
shore, synthwave-inspired 
sunset paints the sky. Glossy, 
airbrushed art with geometric 
patterns/vibrant primaries.

Ancient oak grove where sunlight 
filters through moss-draped 
branches onto a stone circle 
inscribed with Celtic knots. Stag 
with vine-twisted antlers stands 
watch, small stream glows with 
faerie lights. Rich, earthy oils with 
intricate magical details.

Minimalist alien planet features 
smooth, angular sand dunes and a 
monolithic black obelisk emitting blue 
energy waves. Low-poly spaceship 
with geometric panels rests on the 
surface, bathed in harsh double-star 
light. Limited palette: rust/cyan.

Arctic aurora ice cave with glowing 
crystal formations and polar bear 
tracks

Japanese onsen ryokan with 
steaming hot springs, wooden 
bathhouses, and mountain cherry 
blossoms

Desert glass palace reflecting 
shifting sand dunes, entrance 
guarded by stone sphinxes

Future hologram classroom where 
students interact with floating 3D 
equations and historical figures

Figure 7: The Text-to-Image 512× 512 visualization with text descriptions of different lengths
and styles. Given text descriptions of different lengths and styles, PixNerd can generate promising samples
with a large patch size of 16. We used Adams-2nd solver with 25 steps and a CFG value of 4.0 for sampling.

(Chinese Input) 故障艺术鲨⻥在数据海洋中游动，⾝体像素化分解成⼆进制代码流
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(English Input) Steampunk mechanical wolf with brass gears and glowing amber eyes prowling a foggy industrial city
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s-
2n
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(Japanese Input)パステルカラーの宇宙ステーションに浮かぶ、⼩さな宇宙⾶⾏⼠のヘルメットをかぶったかわいい柴⽝

Figure 8: The Text-to-Image 512× 512 visualization. We armed PixNerd with different ODE solvers,
eg, Euler, Adams. Also, thanks to the powerful text embedding in Qwen3 models, though we only trained
PixNerd with English captions, PixNerd can generate samples of promising quality with other languages.
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DPG Benchmark
Model #Params Global Entity Attribute Relation Other Average

latent diffusion model
SD v2 0.86B + 0.7B+ 86M 77.67 78.13 74.91 80.72 80.66 68.09
PixArt-α 0.61B + 4.7B + 86M 74.97 79.32 78.60 82.57 76.96 71.11
Playground v2 2.61B + 0.7B + 86M 83.61 79.91 82.67 80.62 81.22 74.54
DALL-E 3 - 90.97 89.61 88.39 90.58 89.83 83.50
SD v1.5 0.86B + 0.7B + 86M 74.63 74.23 75.39 73.49 67.81 63.18
SDXL 2.61B +1.4B + 86M 83.27 82.43 80.91 86.76 80.41 74.65

pixel diffusion model
PixelFlow-XL/4 0.8B + 3B - - - - - 77.90
PixNerd-XXL/16 1.2B + 1.7B 80.5 87.9 87.2 91.3 72.8 80.9

Table 3: Comparsion with other text-to-image models on DPG Benchmark. Parameters consist
of denoiser+text encoder+vae. Our PixNerd-XXL/16 achieves competitive performance compared with others
under a much-limited data scale (45M images).

Visualizations We provided 512 × 512 visualizations with prompts provided by DouBao-1.5-
Pro in Figure 7. As illustrated in Figure 7, our PixNerd-XXL/16 is capable of generating visually
compelling images from complex text prompts. Overall, the atmosphere and color tones are largely
accurate. Noted that we only trained PixNerd with English prompts. As shown in Figure 8, we
can generate images even with other languages like Chinese and Japanese thanks to the powerful
embedding space of Qwen3 models (Wang et al., 2024a). We place more visual samples in the
appendix.

Sampling Solvers We provide denoising trajectories in x1 space (clean data) of different solvers
in Figure 8, including Euler, Adams-2nd, and Adams-3rd solvers. Adams-2nd solver achieves stable
and fast sampling results. Thus, we take Adams-2nd as the default sampling choice.

GenEval Benchmark We provided quantity comparison on Geneval (Ghosh et al., 2023) bench-
mark in Table 2. Our PixNerd-XXL/16 achieves comparable results under enormous patch sizes and
limited data scales. As shown in Table 2, our PixNerd-XXL/16 achieves 0.73 overall score, beating
Chen et al. (2025b) with a significant margin.

DPG Benchmark We provided quantity comparison on DPG (Hu et al., 2024) benchmark in
Table 3. Our PixNerd-XXL/16 achieves competitive results compared to its latent counterparts. As
shown in Table 3, our PixNerd-XXL/16 achieves 80.9 overall score, beating other pixel generation
models with a significant margin.

5 CONCLUSION

In this paper, we return to pixel space diffusion with neural field. We have presented a single-scale,
single-stage, efficient, end-to-end solution, termed as the pixel neural field diffusion (PixNerd).
Thanks to the powerful high-frequency modeling capability of the neural field head in PixNerd, we
achieve very competitive results in image generation without any complex cascade design. In par-
ticular, our PixNerd-XXL/16 achieves a competitive 0.73 overall score on the GenEval benchmark
and 80.9 average score on the DPG benchmark. However, pixel-space diffusion models still do
not exhibit better performance scaling than advanced latent diffusion transformer models. We leave
further improvements of pixel diffusion transformers to future work.
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Inference Training
Model NFE 1 image 1 step Mem (GB) Speed (s/it) Mem (GB)

SiT-L/2(VAE-f8) 50x2 0.51s 0.0097s 2.9 0.30 18.4

Baseline-L/16 50x2 0.48s 0.0097s 2.1 0.18 18
PixNerd-L/16 50x2 0.51s 0.010s 2.1 0.19 22

ADM-G 50 4.21s 0.08s 2.23 / /
ADM-G 250 21.3s 0.08s 2.23 / /

PixelFlow-XL/4 / 10.1s 0.084s† 4.0 / /
PixNerd-XL/16 50x2 0.65s 0.012s 3.1 0.27 33.9

Table 4: The resource consumption comparison. † means the average time consumption for a single
step across different stages. Our PixNerd consumes much less memory and latency (Nearly 8× fatser than
other pixel diffusion models.

A APPENDIX

A.1 TRAINING AND INFERENCE COMPARSION

Transformer layer Nerf MLP Nerf PE Nerf RGB out
Latency(ms) 0.54 0.49 0.25 0.17

Table 5: Latency of different components under Batch Size 2

We employ torch.compile to optimize memory allocation and reduce redundant computations for
both the baseline and PixNerd. As shown in Table 4, compared with latent counterparts, our
PixNerd-L/16 achieves much higher training throughput without VAE latency and with similar infer-
ence memory. Compared to other pixel-space diffusion models, our PixNerd consumes significantly
less memory and has lower latency (nearly 8×) faster than ADM-G and PixelFlow. We also provide
detailed latency of specific layers in Table 5.

A.2 INTERVAL GUIDANCE DETAILS OF IMAGENET 256X256

Show in Section A.2, Among the models listed, PixDiT-L/16 and PixNerd-L/16 share identical
interval guidance configurations: both are trained for 160 epochs, use an interval range of 0.1 (start)
to 1 (end), and adopt a CFG value of 3.5. For the PixNerd-XL/16 model, two sets of training
configurations are provided: one with 160 epochs (matching the interval [0.1, 1] and CFG value 3.5
of the aforementioned two models) and another with an extended 320 epochs, where the interval
remains [0.1, 1] but the CFG value is adjusted to 3.0. Finally, the PixNerd-XL/8 model is trained
for 160 epochs, uses the same interval [0.1, 1] as other models, and employs a CFG value of 3.0.

A.3 PRETRAINING DATA SOURCE OF TEXT-TO-IMAGE EXPERIMENTS

For text-to-image generation, we trained our model on a mixed dataset containing approximately
45M images from open-sourced datasets. We recaption all the images with Qwen2.5-VL-7B (Wang
et al., 2024a) to yield English caption descriptions of various lengths. Note that our caption results

Model Epochs Interval start Interval end CFG value

PixDiT-L/16 160 0.1 1 3.5
PixNerd-L/16 160 0.1 1 3.5

PixNerd-XL/16 160 0.1 1 3.5
PixNerd-XL/16 320 0.1 1 3.0
PixNerd-XL/8 160 0.1 1 3.0

Table 6: Interval Guidance Details of Inference on ImageNet 256× 256
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A rustic wooden cabin nestled in a snowy forest, smoke rising from the chimney, surrounded by pine trees heavy with fresh 
snow

Cyberpunk street scene at night, neon signs reflecting on wet asphalt, a motorcycle with glowing engines parked beside a 
holographic billboard.

Aerial view of a vibrant coral reef with schools of tropical fish swimming through crystal-clear turquoise waters, sunlight 
filtering down in soft rays.

Cosmic nebula in hues of purple and pink, with swirling gas clouds forming delicate patterns around a newborn star
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Figure 9: Training-free arbitrary resolution generation. We keep the amount of tokens in PixNerd as
constant as pretraining resolution, we only interpolate the neural field coordinates for different resolutions
to yield multi-resolution images.

only contain English descriptions. All the images are cropped into a square shape of 256 × 256 or
512× 512.

Here is the detailed image source:

• ImageNet: https://www.image-net.org/

• JouneryDB: https://huggingface.co/datasets/JourneyDB/JourneyDB

• Laion(aes6+): https://huggingface.co/datasets/laion/aesthetics v2 4.75

• CC12M: https://huggingface.co/datasets/pixparse/cc12m-wds

• SAM: https://ai.meta.com/datasets/segment-anything

• MidJouney23M: https://huggingface.co/datasets/deepghs/midjourney captioned 23m full

Because the webpage link is invalid in CC12M dataset and the Laion dataset, the downloaded images
are incomplete, and only parts of them were obtained.

A.4 PIXNERD W/O REPA

PixNerd is training with REPA as a default configuration. We also provide ablation w/o REPA here.
We trained the model for 200K steps under batch size 256 on ImageNet256.

FID SFID IS Precision Recall

w/o REPA 67.68 9.96 19.41 0.338 0.551
REPA loss weight 0.1 42.49 10.19 37.11 0.448 0.61
REPA loss weight 0.5 37.31 10.44 42.92 0.426 0.6275

Table 7: Performance metrics under different REPA configurations The default REPA loss weight
achieves better performance.

A.5 ARBITRARY RESOLUTION INFERENCE

As shown in Figure 9, without any resolution adaptation fine-tuning, we can achieve arbitrary resolu-
tion generation through the coordinate interpolation while keeping the amount of tokens as constant
as the pretraining resolution. Specifically, we sampled pretraining resolution from the given noisy
image, then fed this sampled version into the transformer. This keeps the token amount in our PixN-
erd as consistent as in the pretraining stage. To match the velocity field with the desired resolution
of the given noisy image, we then interpolate the coordinates for neural field decoding accordingly.

17



Published as a conference paper at ICLR 2026

Cozy treehouse nestled in a bioluminescent forest, where fireflies dance around moss-covered roots and a stone 
path winds toward a cottage with smoking chimneys—painted in soft watercolor hues of lavender and mint, bathed 
in gentle morning mist.

Rain-soaked alley in a future megacity: holographic ads pulse above graffiti-covered walls, a sleek hoverbike glows 
under neon signage, and a shadowy figure in a trench coat walks past steaming grates. High-contrast digital art 
with electric blue/magenta accents

Retro-inspired illustration of a sun-drenched Mediterranean coastal town: terracotta-roofed buildings cling to cliffs, 
sailboats dot the turquoise sea, and a winding cobblestone staircase leads to a cliffside café. Styled like a 1950s travel 
poster with bold, warm gradients.

Brass-and-wood airship drifts over a Victorian-era metropolis where iron bridges connect clockwork towers and 
smokestacks billow copper-tinted steam. Crew in goggles/leather coats adjust ornate gears against a stormy sky 
with golden sunlight breaking through.

Stark, geometric oasis in the Sahara: lone date palm casts a sharp shadow over smooth sand dunes, a small pool of 
turquoise water reflects the cloudless sky, distant mountains form clean, angular silhouettes. Minimalist style with muted 
earth tones/soft backlighting

Floating island garden features levitating marble statues overlooking a lake of liquid mercury, crystal trees blooming 
with rainbow petals, and a staircase of ivy leading to a door in the sky. Painted in Magritte's dreamy, soft-focus style 
with pastel gradients.

Vibrant 16-bit landscape inspired by classic RPGs: cobblestone bridge over a pixelated river, pixelated adventurers 
battle a slime monster under a blocky sunset, castle with glowing windows in the distance. Bold color palettes/retro 
scanlines.

Decaying Victorian mansion shrouded in dense fog: iron gates rusted/overgrown with thorned vines, full moon peeks 
through skeletal tree branches, shadowy figure at an upper window. Painted in dark, moody oils with dramatic 
chiaroscuro.

Magical bakery in a candy-colored town where fluffy clouds serve as rooftops, house-sized macarons line the streets, 
and pastel creatures with big eyes sip tea from porcelain cups. Super-cute chibi art with soft gradients/glittering 
details.

Chaotic, paint-splattered metropolis at night: skyscrapers in bold, swirling strokes of black/gold, neon lights bleed into rain-
soaked streets, figures as abstract color smudges. Captures Jackson Pollock's energy with urban motifs.

Domed city on Mars with transparent force fields protecting glass skyscrapers: orange sand dunes meet iridescent energy 
pathways, astronauts in sleek white suit walk toward a glowing transit hub. Clean sci-fi style with cool blue/crimson 
contrasts.

Serene ukiyo-e woodblock print: fisherman rows a small boat through cherry blossom petals on a glassy lake, Mount 
Fuji rises in the misty background, heron poised on a rocky shore. Intricate line work/muted indigo/pink tones.

Figure 10: The Text-to-Image 512× 512 visualization with different initialization noises. Given
different initialization noises, our PixNerd can produce samples with correct semantics and diverse styles. This
indicates a superior generation diversity and semantic following capability.
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PixNerd256-NFE-1 PixNerd256-NFE-2(ODE) PixNerd256-NFE-2(SDE/CM)

Figure 11: The visual samples from Distilled-PixNerd-XL/16. We employed CM sampler and
ODE sampler for few-steps inference.

A.6 MORE VISUALIZATIONS OF PIXNERD-T2I

Occasional blurry or unnatural artifacts appear in certain scenarios (e.g., steampunk lab image). We
posit that appropriate post-training processing could mitigate such artifacts Ren et al. (2024), and
we intend to explore pixel-space post-training as future work.

A.7 FEW STEP GENERATION OF PIXNERD.

Model FID↓ NFE↓ #Params

GAN Models
StyleGAN-XL (Sauer et al., 2022) 2.30 - -
PagoDA (Kim et al., 2024)† 1.56 - -

Latent Space Diffusion Models
iCT-XL/2 (Dao et al., 2025) 34.24 1+VAE 84M + 675M

20.30 2+VAE 84M + 675M
Shortcut-XL/2 (Frans et al., 2024) 10.60 1+VAE 84M + 675M

7.80 4+VAE 84M + 675M
IMM (Zhou et al., 2025) 8.05 1+VAE 84M + 675M

Pixel Space Diffusion Model
Distilled-PixNerd-XL/16 6.76 1 700M
Distilled-PixNerd-XL/16 4.56 2 700M

Table 8: Few-step Generation Performance of PixNerd. PixNerd-XL/16 achieves superior perfor-
mance on few-step generation. † emploied a multi-stage architecture and initialized from diffusion models.

Currently, however, our focus is on improving the upper-bound performance of pixel diffusion
while maintaining latency comparable to latent diffusion models. Having said that, PixNerd ex-
tends classic DiT/SiT architectures with minimal modifications to enhance performance, thus main-
taining compatibility with existing few-step distillation techniques. We reserve the exploration of
distillation-based enhancements for future work. With limited training and parameter tuning, we
achieved an FID of 4.56 at 2 NFE and 6.76 at 1 NFE within 10 epochs of finetuning. We also
provide visual samples from Distilled-PixNerd-XL/16 in Figure 11.

A.8 CLASS-TO-IMAGE IMAGENET 512X512 BENCHMARK

We provide the final metrics of PixNerd-XL/16 at Table 9. To validate the superiority of our PixNerd
model, we take our PixNerd-XL/16 trained on ImageNet 256 × 256 as the initialization, fine-tune
our PixNerd-XL/16 on ImageNet 512× 512 for 200K steps. We adopt the aforementioned interval
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ImageNet 512× 512

Model Params FID↓ sFID↓ IS↑ Pre.↑ Rec.↑
Latent Diffusion Models
DiT-XL/2 (Peebles & Xie, 2023) 675M + 86M 3.04 5.02 240.82 0.84 0.54
SiT-XL/2 (Ma et al., 2024) 675M + 86M 2.62 4.18 252.21 0.84 0.57
REPA-XL/2 (Yu et al., 2024) 675M + 86M 2.08 4.19 274.6 0.83 0.58
FlowDCN-XL/2 (Wang et al., 2024b) 608M + 86M 2.44 4.53 252.8 0.84 0.54
EDM2 (Karras et al., 2022) 1.5B + 86M 1.81
DDT-XL/2 (Wang et al., 2026) 675M + 86M 1.28 4.22 305.1 0.80 0.63

Pixel Diffusion Models
ADM-G (Dhariwal & Nichol, 2021) 559M 7.72 6.57 172.71 0.87 0.42
ADM-G, ADM-U 559M 3.85 5.86 221.72 0.84 0.53
RIN (Jabri et al., 2022) 320M 3.95 - 210 - -
SimpleDiffusion (Hoogeboom et al., 2023) 2B 3.54 - 205 - -

PixNerd-XL/16 (100K+CFG 3.5) 700M 2.84 5.95 245.62 0.80 0.59
PixNerd-XL/16 (100K+CFG 4.5) 700M 2.56 5.50 277.80 0.80 0.60
PixNerd-XL/16 (200K+CFG 4.5) 700M 2.45 5.19 275.77 0.79 0.63

Table 9: Benchmarking class-conditional image generation on ImageNet 512×512. Our PixNerd-
XL/16(512×512) is fine-tuned from the same model trained on 256×256 resolution for 200K steps. We adopt
the interval guidance with interval [0.1, 1] and CFG of 4.5. We take Euler solver with 100 steps as the default
choice.

guidance Kynkäänniemi et al. (2024) and we achieved 2.45 FID, with CFG of 4.5 within the time
interval [0.1, 1.0]. PixNerd-XL/16 achieves comparable performance to other diffusion models.

A.9 THE DETAILS OF NEURAL FIELD HEAD

As shown in Equation (9), we normalize the predicted neural field parameters W1, W2, and
the final feature of the neural field(Out) as the default configuration. Specifically, given the
predicted weight matrix W = [w1, w2, ...wn]

T ∈ RD1×D2 , we normalize W row-wisely as
W = [ w1

||w1|| ,
w2

||w2|| , ...
w2

||w2|| ]
T ∈ RD1×D2 .

1 class NerfBlock(nn.Module):
2 def __init__(self, hidden_size_s, hidden_size_x, mlp_ratio=4):
3 super().__init__()
4 self.param_generator1 = nn.Sequential(
5 nn.Linear(hidden_size_s, 2*hidden_size_x**2*mlp_ratio, bias=

True),
6 )
7 self.norm = RMSNorm(hidden_size_x, eps=1e-6)
8 self.mlp_ratio = mlp_ratio
9 def forward(self, x, s):

10 batch_size, num_x, hidden_size_x = x.shape
11 mlp_params1 = self.param_generator1(s)
12 fc1_param1, fc2_param1 = mlp_params1.chunk(2, dim=-1)
13 fc1_param1 = fc1_param1.view(batch_size, hidden_size_x,

hidden_size_x*self.mlp_ratio)
14 fc2_param1 = fc2_param1.view(batch_size, hidden_size_x*self.

mlp_ratio, hidden_size_x)
15

16 # normalize fc1
17 normalized_fc1_param1 = torch.nn.functional.normalize(fc1_param1,

dim=-2)
18 # normalize fc2 (optional for T2I Task)
19 normalized_fc2_param1 = torch.nn.functional.normalize(fc2_param1,

dim=-2)
20 # mlp 1
21 res_x = x
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Figure 12: DCT PE and Classic Sin/Cos PE. DCT PE is more sensitive to position changes than Classic
Sin/Cos PE.

22 x = self.norm(x)
23 x = torch.bmm(x, normalized_fc1_param1)
24 x = torch.nn.functional.silu(x)
25 x = torch.bmm(x, normalized_fc2_param1)
26 x = x + res_x
27 return x

A.10 THE DETAILS DCT ENCODINGS

We provide the feature visualization of DCT-Based position encoding and classic sin/cos position
encoding in Figure 12. Shown in Figure 12, DCT PE is more sensitive to position changes. Below,
we provide the detailed code implementation of DCT PE.

1 def fetch_pos(self, patch_size, device, dtype):
2 pos_x = torch.linspace(0, 1, patch_size, device=device, dtype=

dtype)
3 pos_y = torch.linspace(0, 1, patch_size, device=device, dtype=

dtype)
4 pos_y, pos_x = torch.meshgrid(pos_y, pos_x, indexing="ij")
5 pos_x = pos_x.reshape(-1, 1, 1)
6 pos_y = pos_y.reshape(-1, 1, 1)
7

8 freqs = torch.linspace(0, self.max_freqs, self.max_freqs, dtype=
dtype, device=device)

9 freqs_x = freqs[None, :, None]
10 freqs_y = freqs[None, None, :]
11 coeffs = (1 + freqs_x * freqs_y) ** -1
12 dct_x = torch.cos(pos_x * freqs_x * torch.pi)
13 dct_y = torch.cos(pos_y * freqs_y * torch.pi)
14 dct = (dct_x * dct_y * coeffs).view(1, -1, self.max_freqs ** 2)
15 return dct

A.11 THE RELATION BEHIND NEURAL FIELD NORMALIZATION AND QK-NORM

Generally, QK-Norm plays a crucial role in modern transformers. To better understand the weight
normalization, we can imagine the neural field decoding as a cross-attention. Coordinate encodings
in a local patch look like queries, while patch-wise W1 is the keys, and patch-wise W2 is the values.
This analogy can also explain why only normalizing W1 in Equation (9) delivers comparable results
(in Figure 6a) in limited training iterations(up to 400k steps). Our further experiments on text-to-
image also reveal that only normalizing W1 is sufficient.
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However, since class-to-image models are typically trained with far more steps than text-to-image
models (1.6M steps vs. 200k steps), we observe that normalizing only W1 leads to loss spikes in
the class-to-image task. Even though these spikes do not crash down the training, we still prune to
normalize all fully connected (FC) layers to ensure training stability.

A.12 DISCUSSION WITH OTHER RELATED WORKS

Several related works (Chen et al., 2024b; Park et al., 2024; Wang et al., 2024c) also combine diffu-
sion with neural fields. In practice, however, they differ fundamentally from PixNerd. For example,
INFD (Chen et al., 2024b) and DDMI (Park et al., 2024) leverage neural fields to enhance VAEs
rather than diffusion models, and their generative capacity still stems from a latent diffusion model.
DenoisedWeights (Gong et al., 2024) trains independent neural weights for each image before train-
ing a generative model on these pre-collected weights. This remains a two-stage framework and
poses non-trivial challenges for large-scale training. INRFlow Wang et al. (2024c) and PatchDiffu-
sion(Wang et al., 2023b) utilize coordinate encodings to enhance diffusion model performance. Be-
yond diffusion-based generative models, GAN-based methods (Ntavelis et al., 2022; Skorokhodov
et al., 2021; Lin et al., 2019; Karras et al., 2021) also utilize neural fields or coordinate encodings.
PixNerd is a simple yet elegant single-stage pixel-space generative model that does not rely on a
VAE. Current latent generative models inevitably cascade errors due to their two-stage configura-
tions. Further, a high-quality VAE usually demands numerous losses supervisions, e.g., adversarial
loss, LPIPS loss. In particular, adversarial loss is unstable in training and tends to introduce artifacts.
Pixel generative model has more potential in the future, and PixNerd is a simple yet elegant solution
for a pixel-space generative model.

A.13 LARGE LANGUAGE MODEL USAGE

We only use LLM to polish sentence-level writing and grammar. We confirm that the revised sen-
tences fully reflect our original texts.
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