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Abstract

Latent diffusion models have become the popular choice for
scaling up diffusion models for high resolution image syn-
thesis. Compared to pixel-space models that are trained end-
to-end, latent models are perceived to be more efficient and
to produce higher image quality at high resolution. Here we
challenge these notions, and show that pixel-space models
can be very competitive to latent models both in quality and
efficiency, achieving 1.5 FID on ImageNet512 and new SOTA
results on ImageNet128, ImageNet256 and Kinetics600.

We present a simple recipe for scaling end-to-end pixel-
space diffusion models to high resolutions. 1: Use the
sigmoid loss-weighting [25] with our prescribed hyper-
parameters. 2: Use our simplified memory-efficient archi-
tecture with fewer skip-connections. 3: Scale the model to
favor processing the image at a high resolution with fewer
parameters, rather than using more parameters at a lower
resolution. Combining these with guidance intervals, we
obtain a family of pixel-space diffusion models we call
Simpler Diffusion (SiD2).

1. Introduction
Diffusion models have been tremendously successful in do-
mains such as image, video and audio generation. For high
resolution data, latent diffusion models [32] have been par-
ticularly successful: Through encoding the data in a lower
dimensional space, these models sidestep the difficulties
faced by more traditional pixel-space diffusion models in
scaling up to high resolution. This makes latent diffusion
models also scale better in training compute than other ap-
proaches, as shown by [20].

However, latent models have their own challenges: It can
be difficult to train the autoencoders that produce the latents,
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Figure 1. End-to-end pixel diffusion performance on ImageNet512.

which in practice requires careful tuning of regularization
hyperparameters [32]. Even when trained well, the decoder
of a latent diffusion model can produce artifacts or otherwise
imperfect reconstructions, especially when it is applied to
latents that are out of distribution compared to the training
set. A single-stage pixel-space diffusion model does not have
these issues, and so we ask the question: Can pixel-space
diffusion models scale as well as latent models with the right
architecture and hyperparameters?

Over the years, end-to-end pixel-space diffusion has im-
proved considerably (Figure 1). The main problem was that
the standard schedule and loss-weighting [11] work well for
small resolution images, like 322 or 642, but not at higher
resolution [3, 14]. It was further shown [25] that it can be
helpful to disentangle loss weighting and time sampling for
improved control over both, leading to better performance at
higher resolution. However, in previous works pixels-space
models still did not match the best latent models on standard
benchmarks like ImageNet512.

The main contribution of this paper is to improve pixel-
space diffusion on high resolution images while keeping
as close to the original formulation of diffusion models as
possible. Specifically, we analyze and tune the sigmoid loss
weighting from [25], and show why it should be preferred
over their favored EDM monotonic. We further propose
architectural improvements that lead to even better perfor-
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Figure 2. Some text-to-image samples of 512→ 512 that have been generated by SiD2.

mance, namely flop heavy scaling and removing block skip-
connections (Residual U-ViTs). Most notably, we improve
the state-of-the-art of pixel-space diffusion from 2.65 to 1.48
on ImageNet512 (see also Figure 1). Further, we also achieve
overall state-of-the-art on ImageNet128, ImageNet256 and
Kinetics600 without heavy tuning.

1.1. Background
A diffusion process gradually destroys data over a conceptual
time t, typically with Gaussian noise as follows:

zt = ωtx+ εtω, where ω → N (0, I), (1)

which defines a distribution q(zt|x) such that z0 is close
to clean data and z1 is close to Gaussian noise. In this pa-
per we assume a variance-preserving [41] schedule, which
is defined as ωt =

√
ε(ϑt) and εt =

√
ε(↑ϑt), with

ϑt = log
(
ω
2
t /ε

2
t

)
being the log signal-to-noise ratio, which

monotonically decreases with time as t ↓ 1, and ε(·) being
the sigmoid function. It can be shown that other types of
schedules such as the variance-exploding schedule or the
flow matching schedule [28] can always be converted to a
variance-preserving schedule with a linear scaling of zt [25].
The key defining property of a noise schedule is the log
signal-to-noise ratio ϑt. A neural network is used to predict
x̂ = x̂ω(zt, t) that effectively estimates E[x|zt], which can
be done by minimizing a weighted mean squared error loss:

L(x) = Et→U(0,1)↑
dϑt

dt
w(ϑt)↔x↑ x̂↔2, (2)

where w(ϑt) is the weighting function. ↑dϑt/dt cancels
out the effect of the noise schedule ϑt on the loss. In other
words, L(x) can be rewritten as

∫
↑w(ϑ)↔x↑ x̂↔2dϑ that

is invariant to the choice of ϑt. However, ϑt still impacts
the sampling efficiency of the Monte Carlo estimator of the
expected loss, and thus affects the training dynamics of
diffusion models. This decouples noise schedule ϑt and
weighting function w(ϑ) as a function of ϑ [25].

The above squared error loss can be derived from the
variational interpretation of diffusion models [26]. Given

two time steps s < t, we define the denoising distribu-
tion p(zs|zt) in the same formulation as the true posterior
q(zs|zt,x), but replace the ground truth x with the learned
approximation x̂ ↗ E[x|zt]:

p(zs|zt) = q(zs|zt,x = x̂) = N (zs|µt→s,ωt→s), (3)

where ε
2
t↑s =

(
1/ε2

s + ω
2
t|s/ε

2
t|s

)↓1
and

µt↑s = ε
2
t↑s

(
ωt|s/ε

2
t|szt + ωs/ε

2
sx

)
with ωt|s = ωt/ωs

and ε
2
t|s = ε

2
t ↑ ωt|sε

2
s . Note that during sampling, the

standard deviation for p(zs|zt) is chosen to be a log-linear
interpolation between εt|s and εt↑s of the form ε

ε
t↑sε

1↓ε
t|s

where ϖ = 0.3 was set empirically, which is important as
FID is sensitive to over-smooth or grainy images.

2. Simpler Diffusion
2.1. Revisiting the sigmoid loss
Recall that one of the proposed losses in VDM++ [25] is
the sigmoid loss. They expressed the loss with respect to
ω-mse: L(x) = Et→U(0,1)↑dϑt

dt w̃(ϑt)↔ω↑ω̂↔2, which is con-
nected to x-mse through ↔ω↑ ω̂↔2 = exp(ϑt)↔x↑ x̂↔2 and
w̃(ϑt) = exp(ϑt)w(ϑt). In VDM++, viewing the loss in ω-
mse enables a natural connection between the weighted loss
and the ELBO and showed that losses should be monotoni-
cally decreasing on ω-mse. Hence, they propose the sigmoid
loss: w̃(ϑt) = ε(b↑ ϑt), where b denotes the bias or shift
and ε is the sigmoid function. However, they ultimately
opted for another loss-weighting named EDM-monotonic
for high resolution image generation, see Figure 3a.

Enforcing weighting monotonicity in x Revisiting the
sigmoid loss, we derive its x-mse form, which turns out
to conveniently be defined by a mirrored sigmoid (albeit
multiplied by a constant factor):

ε(b↑ ϑt)↔ω↑ ω̂↔2 = ε(b↑ ϑt) exp(ϑt)↔x↑ x̂↔2

= exp(b)ε(ϑt ↑ b)↔x↑ x̂↔2.
(4)
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(a) Weighting over ω-mse (b) Weighting over x-mse

Figure 3. Weighting of different losses in both ω and x space. Note that the weightings are scaled to have a maximum of one.

This reveals that the sigmoid loss is not only monotonically
decreasing in ω-mse, it is also monotonically increasing in
x-mse. We claim that a reasonable weighting function w(ϑt)
should be monotonically increasing over ϑt. Observe that
with less noise in zt, there is more information available
and it should be strictly easier to predict the original data,
meaning that the x-mse generally decreases for higher ϑt.
This phenomenon is also observed in practice. If the loss
weighting in x-mse also decreases, the model would be
able to make worse predictions while obtaining less noisy
(better) conditioning information and still achieve a lower
loss. Simply put: Why put less weight on an easier problem?

Studying both the form of the sigmoid and EDM-
monotonic weighting functions in Figure 3, we observe that
both weighting functions are monotonically decreasing in
ω-mse, but only the sigmoid weighting is monotonically
increasing in x-mse. Therefore, we expect the sigmoid
weighting to be a better candidate to scale to high resolution
generation than the EDM-monotonic version.

Loss shifting Recall that for a resolution that is two times
higher in both height and width, an average (low pass) fil-
ter would see Var[(x11 + x12 + x21 + x22)/4] = 1/4 of
the noise, while signal strength stays the same [14, 25].
Hence, its effective logsnr is expected to increase by about
2 log 2 ↗ 1.386 ↗ 1.5 when viewed through a low-pass
filter. Suppose that the optimal setting for images of 128
↘ 128 is a sigmoid weighting with b ↗ 0, then one would
expect the optimal setting for images of 512 ↘ 512 to be
roughly b = ↑3.1. Empirically we find that slightly more
aggressive shifts perform even better.

2.2. Flop heavy scaling
When one deals with a limited data budget, it can be difficult
to balance scaling of models and regularization. Our small
model version at 512↘ 512 resolution starts out with 4 ↘ 4
patching, and subsequently runs a U-ViT [14] on the 128 ↘

1This holds under the condition that the most important information is
already contained by the 128→ 128 image, and this may for example not
hold for images without global structure, e.g. that only contain textures.

128 ↘ 48 input (assuming the raw input is of 3 channels). To
make the model more expressive, one of the most common
options is to double the number of channels for every layer,
leading to 2↘ model size. However, our experiments show
that this results in diminishing returns. We hypothesize that
it is because the model suffers from over-fitting when trained
with limited data budget such as ImageNet. Indeed, when
we train using distribution augmentation [18], the best per-
formance improves from 1.9 to 1.6. This however suggests
another way to scale the model: Keep the architecture and
parameter count almost the same and instead run on 2 ↘ 2
patched input (so 256 ↘ 256 ↘ 12 for 512 inputs). Similar
to 2↘ model size, reducing the patching size also increases
FLOPS by roughly a factor of 4. However, we found this
model performs even better to about 1.5 without the need
of distribution augmentation. We call this model flop heavy,
because it has a much higher flop over parameter ratio.

Flop heavy scaling has another interesting property. Sup-
pose we have a small model trained to fit input of size
256 ↘ 256 with 2 ↘ 2 patching. Using the flop heavy scal-
ing at 512 ↘ 512 resolution enables us to directly finetune
from the small model trained at 256↘ 256 with exactly the
same amount of parameters, whereas its counterpart version
at 512 ↘ 512 resolution and with 4 ↘ 4 patching needs to
introduce additional parameters to handle the more input
channels. This method of finetuning to higher resolutions
has already been popularized in the context of text-to-image
generation [32]. Here we find that flop heavy scaling is a
more favorable way to scale on smaller datasets such as Ima-
geNet. Of course, in principle one could also train a model
with more channels and 4↘4 patching on a lower resolution,
but this is not done in practice to train ‘small’ models.

2.3. Residual U-ViTs: Removing blockwise skip-
connections

U-Nets require that sub-sampled levels (for example via av-
erage pooling) are bypassed by skip-connections. However,
this makes the architecture very different from large-scale
language models such as transformers, where these skip-
connections are not used and residual connections suffice.
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In this paper we use the U-ViT model of [14], which is
a variant of U-Nets with self-attention layers (with convolu-
tional layers) being replaced by transformer blocks. Hence,
that part of the architecture is closer to standard transformers.

In this paper, we further simplify model definition with
Residual U-ViTs, see Figure 4. The blockwise skip-
connections are removed, and in their place only a single
skip-connection is used per downsampling operation. To be
precise, let fd, fu denote a down and up level of a U-ViT
and let fm denote the middle stage. This two-stage Residual
U-ViT can now be described by:

f(x) = fu

(
U
(
fm(D(h))↑D(h)

)
+h

)
where h = fd(x)

(5)
where D is typically an average pooling and linear and U is
typically a linear and nearest neighbour upsampling. Defin-
ing this network to preserve an identity function at initial-
ization is now much easier: As long as fd, fu and fm are
initialized to be identity, the entire f is also identity at ini-
tialization. The generalization to any-depth U-ViTs is also
straightforward:we can define another two levels of U-ViTs
in place of fm recursively, where the nested U-ViTs can also
be guaranteed to be initialized as an identity function.

For small networks, it could be helpful to keep the block-
wise skip-connections, and expect to incur a slight per-
formance degradation from removing the blockwise skip-
connections. Small networks have limited capacity, so lim-
iting skip-connections may create bottleneck issues. Ex-
perimentally, this is confirmed for the small architectures,
where we observe 0.2 FID performance degradation on Im-
ageNet512 and 0.06 FID performance degradation on Ima-
geNet256. Because of the simplified definition, we choose to
accept this performance penalty for small models. Moreover,
we find that larger models perform on par or even benefit
from removing the blockwise skip-connections.

The final advantage is memory consumption at evaluation.
For example, a feature map at 2562 resolution with 128 chan-
nels requires 2562 · 128 · 2/10242 = 16MB. With 3 blocks
per level, this requires holding an extra 3·16 = 48MB per ex-
ample for the skip-connections, whereas the Residual U-ViT
only requires holding h and D(h) (the latter could be cheaply
recomputed), so 16 + 8 = 24MB per example while com-
puting the lower levels. For a hypothetical super-resolution
model at 40962 resolution, this leads to a difference between
3 · 4 = 12GB and only 4 + 2 = 6GB. During training this
advantage is usually negligible, because feature maps also
need to be retained for the backward pass. A final advan-
tage of Residual U-ViTs is that it is more straightforward to
define asymmetric U-ViTs, i.e., with a different number of
blocks in the downsampling (encoding) stage from the one
in the upsampling (decoding) stage. In certain cases, moving
blocks from the downsampling stage to the upsampling stage
can increase performance.
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Figure 4. Residual U-ViT with levelwise skip-connections (instead
of blockwise). When the network blocks are initialized to be iden-
tity, the entire network is also an identity function at initialization.

2.4. Distillation
Sampling from a pixel-space diffusion model naively often
requires more function evaluations than sampling from a
latent-space diffusion model. For example, the popular Sta-
ble Diffusion model [32] is usually sampled using 20-50
sampling steps, while pixel-space models are sampled with
100+ steps [14]. To reduce the number of sampling steps,
we could use either more advanced solvers or distillation.
Recently distillation methods show that pixel-space models
can be adapted into few-step samplers that maintain high
sample quality [23, 29, 36, 44, 45, 47]. In this work, we use
moment matching distillation [37] which is currently one of
the best distillation methods available in the few step regime.
We distill our pixel-space models for use with 8-16 sampling
steps, which empirically we find maintains or even improves
the sample quality of our models.

3. Related Work
The first end-to-end diffusion work that directly generated
high resolution images was [4]. Given the poor performance
of end-to-end models, two popular alternatives were intro-
duced: cascaded diffusion [12] and latent diffusion [32].

Cascaded diffusion approaches have been shown to scale
to large datasets and models to generate high quality and high
resolution imagery, albeit in multiple stages [12, 40, 42, 52],
or with fine-tuning [43]. Although the focus of this paper
has been single stage generation up to a resolution of 10242,
the loss weightings may also be used for cascaded models.

Significant improvements were made to end-to-end diffu-
sion by shifting noise schedules [3, 14] and subsequently loss
weightings [25]. Other approaches such as multi-resolution
losses (and possibly architecture adaptions) [6, 7, 14] added
marginal gains. However, the current best known latent
model EDM2 [20] outperforms these prior end-to-end ap-
proaches by a large margin. In contrast, our models are
competitive with latent models, outperforming DiT-XL/2
[31] and only performing slightly worse than EDM2.

Skip connections The U-Net architecture is a fully con-
volutional network with long-range skip-connections intro-
duced for (medical) image segmentation [33, 39]. The main
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Figure 5. Effect of weighting functions in the loss on the FID score
of ImageNet512 over the training iterations. The proposed sigmoid
weighting with b=↑3 shows best performance consistent across all
training iterations.

Figure 6. Effect of training noise schedules on the FID score of Ima-
geNet512 over the training iterations. Fortunately, with our proposed
sigmoid weighting (b=↑3), the exact choice of the noise schedules
has little effect on the training process.

idea of U-Net is to combine a contracting path (which en-
codes the image semantics) with long skip-connections at
the same resolution to enable precise localization.

With the introduction of ViTs [5] as an alternative for
convolutional layers, the U-Net has been converted to U-
ViTs using a similar network but replacing (some) ResNet
blocks with ViTs, either with spatial down-sampling [14] or
without [2]. Long-range skip-connections play an pivotal
role in these networks, for example for fine-tuning control-
lable diffusion models [17] and for the stability and training
speed [15, 30]. In these latter works, it is shown that multi-
plying the skip-connections with a (constant) scalar (< 1)
improves training stability and speed, because of the propaga-
tion of noise throughout the network. In our work, we reduce
the number of skip-connections significantly and initialise
the network such that it resembles an identify function.

Flop heavy fine-tuning Fine-tuning on a higher resolution
at large scale was effectively done in Stable Diffusion [32]
to limit the training cost, which is a form of flop heavy
scaling over different resolutions. In this paper we show that
flop heavy scaling is also preferred from a regularization
perspective, which can be done either by finetuning from a
lower resolution, or by lowering the patching size.

4. Experiments
4.1. Sigmoid weighting versus others
Loss weighting In this experiment, we want to understand
the effect of loss weighting on the final image quality of a
model. For the noise schedule, we use an interpolated cosine
schedule because it has relatively broad coverage over logsnr
values. We compare the weightings corresponding to the
original ω-mse [11] and the multiscale ω-mse [14], the EDM
shifted weightings [19], including the original and mono-
tonic versions [19, 26], and the proposed sigmoid weighting

Table 1. Sigmoid weighting performance (left) with the flop heavy
architecture. Larger resolutions require more negative bias. Power
loss performance (right) on ImageNet512 with the small model.
Increasing downsampling has a similar effect as decreasing bias,
hence we prefer the more simple sigmoid weighting.

(a) Sigmoid weighting

resolution
bias 128 256 512 1024

-5 - - - 1.82
-4 - - 1.63 1.75
-3 - 1.47 1.48 2.32
-2 1.49 1.42 1.55 2.17
-1 1.35 1.38 1.75 -
0 1.30 1.46 1.94 -
1 1.26 1.56 - -

(b) Power loss weighting

downsample levels
bias 0 1 2 3

-4 2.19 2.58 3.62 5.11
-3 2.19 2.32 2.85 4.02
-2 2.29 2.15 2.34 3.13
-1 2.64 2.32 2.25 2.54
0 3.22 2.74 2.07 2.22
1 - 2.69 2.29 2.16
2 - 3.26 2.53 2.19

with shift b = ↑3. As can be seen in Figure 5, the sig-
moid weighting outperforms all other weightings, with EDM
monotonic shifted being the closest alternative. Appendix C
contains additional experiments, where we also evaluate the
sigmoid weighting against the closest competitor without
guidance. Here again sigmoid weighting is consistently bet-
ter. We also evaluate a time-shifted variant, where the bias
depends on the progress in training.

Training efficiency of noise schedules Since the training
noise schedule can be decoupled from the loss weighting
and it only affects the training efficiency but not the final per-
formance, one can measure the convergence speed over the
training process caused by leveraging particular noise sched-
ules. In this experiment we test the cosine schedule [11],
the shifted cosine and the interpolated cosine schedules [14]
(Figure 6). For fair comparison, we fix the sampling noise
schedule as the cosine interpolated schedule. Interestingly,
when the sigmoid weighting is used, the choice of noise
schedule does not affect the training efficiency significantly.
Arguably, the shifted schedule is a bit more sample effi-
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Figure 7. FID versus training cost on ImageNet512. Note that the EDM-2 training curves are without guidance, but the best performance
with guidance intervals is reported with a separate marker, the figure source adapted has been adapted from EDM2 [20]. Following their
assumptions, one training iteration is three times as expensive as evaluating the model. Our Flop Heavy (finetune) is trained by first training
a small model on ImageNet256 for 400k iterations and then finetuning the same model on ImageNet512.

Figure 8. The effect of scaling either channels
or tokens, compared to the small model vari-
ant. FLOPS between model size 2x and flop
heavy are similar.

Figure 9. The effect of Residual-UViTs (re-
moving block skip connections). Although
smaller models can be effected, larger models
are unaffected by the simplification.

Figure 10. Changing the encoder decoder
architecture. Decoder blocks are more im-
portant than encoder blocks, and symmetric
architectures have decent performance.

cient initially but all schedules perform similarly towards
the end. This suggests that there is a lot of transfer across
different logsnr values. We also tried the EDM training noise
schedule with the sigma power sampling noise schedule [19]
(not plotted), with both shifted or the original version, but
its narrower logsnr sampling schedule led to performance
degradation, achieving about 9 FID at best. This suggests
that for high resolution, a wide logsnr range is crucial to
cover the important noise levels.

Bias over resolutions In Table 1a, we show the effect of
the bias term b on the final performance when trained us-
ing a flop heavy model. All models use the same guidance
and similar guidance intervals, where the lower bound of
the guidance interval has been shifted according to resolu-
tion (again approximately 1.5 per 2x resolution change), see
Appendix B for more details.

Sigmoid weighting versus the power loss In literature,
high resolution generation can greatly benefit from having a
multiscale loss [6, 7, 14]. To that end we create a multiscale

variant that we name the power loss. In addition to the
sigmoid weighting that effectively upweights low frequency
components of the data and downweights high frequency
components, the power loss aims to amplify the loss of low
sub-band (smooth) signals in the spatial domain via Haar
wavelets. For details on this loss see Appendix B.2.

In Table 1b we see that the bias should be adjusted based
on the number of Haar transform downsampling levels. De-
spite being competitive, the performance of power loss is
roughly on par with the one with sigmoid weighting but
without multiscaling (i.e. downsample levels = 0), if we
tune the bias of the sigmoid weighting more aggressively.
Interestingly, lowering the bias has almost the same effect
as increasing the scale. Therefore, building the multiscale
variant is not necessary with the sigmoid weighting.

4.2. Scaling channels vs tokens on ImageNet
In this section we show the difference between scaling a
model 4x FLOPS, either via channels or by creating larger
resolution feature maps (or put differently, feature maps
with a higher token count). Note that our small model on
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ImageNet512 is patched 4 x 4. This model is scaled either
by increasing channels by two (named model size 2x), or
by reducing patching to 2 x 2 (named flop heavy, because
FLOPS over params is much higher). Indeed as can be seen
in Figure 8, the flop heavy model performs much better
than the model size 2x, when trained in a standard way on
ImageNet512. Note that unlike most experiments, in these
experiments it was necessary to use very different optimal
guidance settings, more details in Appendix B.

We confirm this is an issue related to overfitting, by train-
ing the model size 2x with distribution augmentation [18]
the model size 2x variant performs much better, with an FID
of 1.6 instead of 1.9 (latter in Figure 8). Still, without any
augmentation beyond the standard horizontal flips, the flop
heavy model achieves a score of 1.54.

4.3. Removing block skip connection

In this section we study the difference between the residual
skip-connections and the blockwise skip-connections. As
hypothesized, the small model performance drops a bit be-
cause of this. For ImageNet512 a deficit of about 0.2 FID
(in Figure 9) and for Imagenet256 a deficit of about 0.05
FID. That the task of fitting ImageNet256 is less affected
by removing skip-connections can be explained by the task
being easier: The task of fitting ImageNet256 is a subset of
fitting ImageNet512.

For larger models, removing blockwise skip-connections
in favor of a single residual connection does not degrade
performance, and may even lead to slightly increased perfor-
mance (see Figure 9). This is somewhat unexpected, and the
phenomenon persists with different guidance settings as well.
The FID curve reminds of the model size 2x curve, which
at first improves but flattens out over iterations. Therefore
our best hypothesis is that the block skip (flop) baseline may
have similar problems such as overfitting. Regardless, it
shows that Residual U-ViTs scale well.

Asymmetric U-ViTs Since our U-ViT models encompass
only a single skip connection for each level, we can use a
different number of ResNet or ViT blocks per level. This
allows to move compute from the encoder stage (the down-
sampling half of the model) to the decoder stage (the up-
sampling half of the model). From Figure 10 we observe
that (a) for a fixed compute budget, it is better to add more
parameters to the decoder, the encoder heavy model (E5-
D1) is significantly worse than the baseline (E3-D3) and
the decoder heavy model (E1-D5); (b) there needs to be
some balance between the encoder and the decoder, E1-D7
works less good than E3-D5. (c) by a slightly heavier model
(E3-D7, only 10% more parameters than our small (E3-D3)
model, the performance significantly increases.

Table 2. Literature Comparison on ImageNet on FID. Note that
even though certain NFEs are high (e.g. 4100 for CDM) typically
these suffer minor performance degradation for lower NFEs and
should not be taken too literally.

Method NFE FID

Imagenet 128 x 128

RIN [16] 1000 2.75
SD, U-ViT-L [14] 512 1.94
StyleGAN-XL [38] 1 1.81
VDM+++ [25] 250 1.75
DisCo-Diff [46] 414 1.73
PaGoDA [22] 1 1.48

SiD2, Flop Heavy (ours) 512 1.26
Imagenet 256 x 256

ADM-G [4] 250 4.59
ADM-U [4] 250 3.94
CDM [12] 4100 4.88
RIN [3, 16] 1000 3.52
SD, U-ViT-L [14] 512 2.44
MDM [7] 250 3.51
StyleGAN-XL [38] 1 2.30
DiT-XL/2 [31] 250 2.27
VDM++ [25] 250 2.12
RDM [42] 356 1.89
PaGoDA [22] 1 1.56

SiD2, small (ours) 512 1.72
SiD2, Flop Heavy (ours) 512 1.38
Imagenet 512 x 512

ADM-G [4] 250 7.72
RIN [3, 16] 1000 3.95
ADM-U [4] 250 3.85
LDM-4-G [32] 250 3.60
SD, U-ViT-L [14] 512 3.02
DiffiT [9] 250 2.67
StyleGAN-XL [38] 1 2.40
DiT-XL/2 [31] 250 3.04
VDM++ [25] 250 2.65
MAGVIT-v2 [51] 64 1.91
PaGoDA [22] 1 1.80
EDM2-S (interval) [27] 63 1.68
EDM2-XXL (interval) [27] 63 1.40
SiD2, small (ours) 512 2.19
SiD2, Flop Heavy (ours) 512 1.48
SiD2, Flop Heavy distilled (ours) 16 1.50

Imagenet 1024 x 1024

RIN [16] 1000 8.72
SiD2, Flop Heavy (ours) 512 1.75
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Table 3. Zero-shot text-to-image performance evaluated on
MSCOCO in FID30k. Our distilled model, evaluated on the more
difficult 512 setting, outperforming other works.

Method Size NFE FID30k

DeepFloyd [40] 256 6.7
eDiff-I [1] 256 6.9
Parti [49] 256 7.2
Imagen [35] 256 7.3
simple diffusion [14] 256 8.3

simple diffusion [14] 512 256 9.6
SDv1.5 (eval DMD2) [32] 512 200 7.2
DMD2 [48] 512 4 8.3

SiD2 (ours, bias=-3) 512 256 8.1
SiD2 16-step distilled (ours) 512 16 6.7

4.4. Literature comparison
Here we compare different models from the literature. In
the first section end-to-end diffusion models are compared,
and in the second section we compare between all types
of generative models. In Table 2 it can be seen that our
SiD2 is very competitive with existing generative models:
On ImageNet128 and ImageNet256 it achieves state-of-the-
art performance, on ImageNet512 it is a little worse but
still competitive with the best latent diffusion model and
outperforms all other models, pixel-based and latent.

Comparing diffusion models on compute The training
cost SiD2 is another helpful way to see how the model scales,
as depicted in Figure 7). Importantly, the performance of our
pixel-based approach outperforms other significantly. Ob-
serve for example the performance of our small variant (us-
ing no guidance interval to keep this comparison fair), which
roughly the same performance as the VDM++ while only
using a third of the training cost, and a fourth of the FLOPS
in a single forward pass (see Figure 16 in Appendix C). It
is also competitive with the best currently known latent dif-
fusion approach EDM2 [20], but in fairness EDM2 scales a
little bit better. These models attain even better performance
for a smaller training cost, and a similar story holds for for-
ward pass complexity. End-to-end diffusion can work much
better than previously demonstrated, but it is still somewhat
outperformed by latent diffusion on quality versus compute
comparisons for both sampling and training.

Text to image generation Finally, we show that our
method can be used for end-to-end training of text-to-image
models. Here, evaluation is more difficult as MSCOCO
zero-shot performance depends a lot on the dataset used and
is known to not necessarily correspond to actual perceived
performance. Nevertheless, it is important that the model
achieves performance in the right ballpark. Indeed, when
we train SiD2 it performs comparable to other models in the

Table 4. Conditional Video generation performance on Kinetics600
in FVD (resized to 64). For video generation the loss specification
is important to obtain good sample quality (see ablations).

Method FVD50k

pixel diffusion
Video Diffusion Models [13] 16.6
RIN [16] 10.8
Rolling Diffusion [34] 5.2

latent diffusion
MAGVIT [50] 9.9
MAGVITv2 [51] 4.3
W.A.L.T [8] 3.3

SiD2 (ours, sigmoid bias = 0) 2.3
ablations

eps-mse 5.7
sigmoid bias = +2 3.2
sigmoid bias = -2 2.5

literature on MSCOCO FID30K, and detailed samples have
only a small number of artifacts (Figure 2). Furthermore, the
moment matching distilled version using [37] outperforms
the baseline model as previously observed. This model also
outperforms all other zero-shot approaches at 512 resolution
as shown in Table 3.

Video Generation To test whether our approach transfers
to video, we test our model on Kinetics600 following [13],
by conditioning on 5 frames and generating (sometimes
referred to as predicting) the subsequent 11 frames. We then
compute the FVD between the training set and the generated
samples both on the subsequent 11 frames. Even though our
method generates at 128 ↘ 128, we follow [8] and resize
samples to have resolution 64 ↘ 64. Our model achieves
SOTA performance and it turns out that tuning the loss is
very important to achieve this as shown in Table 4. Note that
the latent approaches ([8, 50, 51]) use much less training
compute than our models in pixel-space, which we discuss
in more detail in the Appendix B.

5. Discussion
In this paper we present Simpler Diffusion (SiD2) and show
how one can train end-to-end diffusion and achieve competi-
tive performance with latent models: (1) use the sigmoid loss,
(2) with a simpler U-ViT architecture, and (3) favour a flop
heavy model design. As a result, our method outperforms
existing end-to-end models by a large margin. Nevertheless,
at this moment latent diffusion methods still seem to have
slightly better scaling properties and it remains to be seen
whether this gap can be closed any further. Importantly, for
many applications training a separate autoencoder may not
be either practical or desired. Therefore, we believe this
paper is an important contribution that allows end-to-end
modelling directly in the pixel-space.
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