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Abstract. Normalizing Flows (NFs) learn invertible mappings between
the data and a Gaussian distribution. Prior works usually suffer from
two limitations. First, they add random noise to training samples or
VAE latents as data augmentation, introducing complex pipelines in-
cluding extra noising and denoising steps. Second, they use a pretrained
and frozen VAE encoder, resulting in suboptimal reconstruction and gen-
eration quality. In this paper, we find that the two issues can be solved
in a very simple way: just fixing the variance (which would otherwise be
predicted by the VAE encoder) to a constant (e.g., 0.5). On the one hand,
this method allows the encoder to output a broader distribution of tokens
and the decoder to learn to reconstruct clean images from the augmented
token distribution, avoiding additional noise or denoising design. On the
other hand, fixed variance simplifies the VAE evidence lower bound, mak-
ing it stable to train an NF with a VAE jointly. On the ImageNet 256 x 256
generation task, our model SimFlow obtains a gFID score of 2.15, outper-
forming the state-of-the-art method STARFlow (gFID 2.40). Moreover,
SimFlow can be seamlessly integrated with the end-to-end representa-
tion alignment (REPA-E) method and achieves an improved gFID of
1.91, setting a new state of the art among NFs.

1 Introduction

Normalizing flows (NFs) [10}/16L/17,32,51}/70L/72] model a data distribution by
transforming a prior distribution (e.g., the normal distribution) via invertible
mappings. For easier training and better generation, state-of-the-art methods
[16,[17] adopt two strategies: 1) using a variational autoencoder (VAE) [52] to
train a latent NF, and 2) adding noise to VAE latents during NF training as
data augmentation.

However, there are two limitations with the above strategies. First, while
adding random noise smooths latent space for more generalizable NF modeling,
it complicates the pipelines. Specifically, NFs trained with noisy inputs gener-
ate noisy outputs, so existing works have to introduce an additional denoising
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Fig. 1: Comparison of our framework with closely-related methods. (a) Stan-
dard practice trains a VAE first and then train a generative model with the VAE frozen.
Note that, for each image, the VAE encoder outputs the mean p and the variance o2
of a Gaussian, from which a set of tokens is sampled. The variance o2 is usually very
small in a standard pretrained VAE. (b) REPA-E [36] jointly trains diffusion with VAE
using the REPA loss [69], and the diffusion gradient is stopped before the VAE to avoid
latent collapse. (¢) STARFlow [16] trains NF and decoder on noisy latent with the en-
coder frozen. (d) We train an NF and a VAE in an end-to-end way from scratch. There
is no stop-gradient operator, significantly simplifying prior frameworks. Solid arrows
indicate the forward pass, while dashed arrows denote gradient flows. We label frozen
modules in gray, generative models in green, and trainable VAE modules in red.

process, such as score-based denoising [70], a fine-tuned VAE decoder [16], or a
flow matching model for denoising [17]. The extra noising and denoising steps
complicate the training and inference processes.

Second and more importantly, these methods use a frozen VAE encoder,
which leads to suboptimal reconstruction and generation quality. For reconstruc-
tion, the encoder is sensitive to noise because it is not trained under noise aug-
mentation introduced for NFs. Possibly, if images are very close to each other
in the latent space, noise perturbations may severely degrade the latents. While
it is feasible to fine-tune the decoder |16], reconstruction quality remains poor,
because some encoded information is already lost due to noise (for results see
Section . For generation, now that the encoder is not optimized jointly with
an NF, the latent space may not be best suitable for NF modeling.

In this paper, we solve both issues at the same time by introducing SimFlow,
a simple end-to-end training framework for latent NFs. Our key idea is to fix
the encoder-predicted variance to a constant (for instance, 0.5). On the one
hand, this method has similar effects with adding noise to latents |16], that is,
to smooth the latent space and improve generalization, but greatly simplifies the
pipeline. Note that pretrained VAEs tend to predict extremely small variance
(e.g.,less than 0.01), which collapses a token distribution to nearly a single point.
In contrast, our method of fixing variance to a larger value ensures each latent
token is sampled from a broader distribution rather than a nearly deterministic
result. Meanwhile, the decoder learns how to reconstruct clean images from the
augmented token distributions during VAE training. In this way, our approach
removes the need for additional noising or denoising design.
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shown in Figure prior best NF-based model STARFlow [16].

On the ImageNet 256 x 256 generation benchmark, SimFlow achieves a gFID
score of 2.15, surpassing the prior work STARFlow (gFID 2.40) [16], as shown in
Figure [2| This is also the first report that NFs outperform DiT [47], a represen-
tative diffusion model. While SimFlow has a larger model size, its convergence
rate is more than 8 times faster than DiT. Importantly, our framework is fully
compatible with REPA-E [36]: aligning NF features with DINOv2 [4] and train-
ing both the VAE and NF using the alignment loss. Combining SimFlow with
REPA-E further decreases gFID to 1.91 on Image 256 x 256 and achieves a gFID
score of 2.74 on ImageNet 512 x 512, establishing new state-of-the-art perfor-
mance among NF-based models.

2 Related work

Normalizing flows (NFs) [9H12}|14,32,34, 40,41, 44, [51}|62,(72] are a useful
framework for density estimation, visual generation, and text generation. In this
paper, we mainly adopt autoregressive flows (AFs) [16,|70]. In each invertible
transformation of an AF, each token is transformed conditioned on previous
tokens. Representative AFs include IAF [33], MAF [45], neural AF [24], and
T-NAF [46]. More recently, TARFlow [70] leverages causal Transformers and
simplifies the log-determinant term in the loss function, leading to notable im-
provements in generation quality. STARFlow [16] extends TARFlow into the
VAE latent space and further improves the NF performance.

VAEs with fixed variance. A prior work [2] fix the variance of the VAE
encoder for structured sequence prediction. Sun et al. |58] introduce o-VAE for
autoregressive generation, which has a fixed variance, and later works adopted
this technique [18,29]. Although these methods and SimFlow both fix the vari-
ance, they differ in several ways. Motivation. o-VAE fixes the variance mainly
to mitigate accumulated errors in AR generation. In contrast, we derive the fixed
variance from the VAE+NF ELBO to stabilize end-to-end training and prevent
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the latent collapse problem. Other contributions. We further provide a theo-
retical analysis of why fixed variance avoids collapse in Sec. 4.3, and empirically
validate its effect in Sec. 4.4. In Section [£.4] we show that our perspective pro-
vides a unified explanation of why various perturbation methods in latent space
actually allow for stable end-to-end training.

Joint training of generative models with VAEs. The standard practice
is to train a VAE on the reconstruction task first and then train a generative
model with the VAE frozen |1,|16}[37}|39}|43}/47,49,/50,/57]. But an important
question is whether the pretrained VAE space is suitable for training a generative
model. Without solving this, a possible consequence is that a VAE with excellent
reconstruction ability leads to poor generation quality [35/67].

End-to-end training of generative models with VAEs is appealing because it
not only streamlines the training pipeline but is also expected to make the VAE
latent space more suitable for generation. Early exploration [51,/56,/61] is not
stable in training and does not achieve competitive performance on a large-scale
dataset like ImageNet 256 x 256. Recently, REPA-E [36] reported an FID of
1.12 on ImageNet 256 x 256 with end-to-end training. In REPA-E, the gradient
of the REPA loss [69] flows through the diffusion model to the VAE, while the
gradient from the diffusion model does not flow to the VAE (see Figure [I[b)).
When the latter is allowed, they observe latent space collapse, where the latent
variance shrinks quickly, and the generation quality is low. Different from REPA-
E, SimFlow jointly trains NFs and VAEs from scratch without stopping any
gradient, further simplifying the training framework.

3 Preliminaries

A standard VAE |[31] consist of an encoder gy and a decoder p,. Given an
image i, the encoder predicts mean p and variance o2 of a Gaussian distri-
bution A (u,diag(o?)). A latent variable x (a set of tokens) is sampled from
N (p,diag(o?)). The decoder is trained to reconstruct the image i from x. The
VAE is trained with ELBO as follows:

log p(i) > Eygy (xli) |108Pw (i]x)+logp(x)—loggy(x i), (1)
—_—— — — ——(—
Reconstruction Prior Entropy

where the prior term is usually chosen as normal distribution N (0,I), and prior
and entropy terms are combined into a Kullback-Leibler (KL) divergence term.

Latent NFs [9/10,/16,[32,/51] map the VAE latent distribution into a simple
one z ~ po(z) (the normal distribution), via learning an invertible function fg.
During training, the forward pass maps the sampled latent x to z = fg(x),
following the change of variable formula:

Pk (x:0) = po(z) [det (32)| = pol fo(x)) |det (2522)] (2)
NFs are trained with maximum likelihood estimation:

mg X Exprarent 08 PNF (x;0). (3)
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At inference, z is sampled from the target distribution z ~ A(0,I), and an
inverse process maps z to x = fg !(z), which is then decoded by the decoder
to images. In this way, fg ! with the VAE decoder is a generative model, which
maps Gaussian noise to new image samples.

This study mainly builds on STARFlow [16], as it achieves competitive per-
formance compared to other generative models on the large-scale ImageNet
dataset. That said, our end-to-end training framework is expected to be ap-
plicable to other latent NF models as well.

4 Method

In Section [} we present SimFlow, our joint training framework from two dif-
ferent perspectives: noise augmentation in NF training and the VAE ELBO
formulation. In Section we adopt REPA-E to further improve SimFlow. In
Section [4-4] latent space is analyzed to show the effects of end-to-end training.
Section revisits and improves the classifier-free guidance (CFG) for NFs.

4.1 SimFlow: End-to-end training of latent NFs

Let fo denote the NF model, and let gy and p., denote the encoder and decoder
of a VAE, respectively. We set variance outputted from the encoder to constant
&%. The encoder only predicts mean g for each image i, and the latent variable x
is sampled from Gaussian N (i, 72T). The NF is trained to convert x to Gaussian
samples z = fg(x), and the decoder learns to reconstruct the images from x.

Our system is trained with the combined VAE and NF objective (the full
derivation is provided in the supplement):

MaxXg 4w Binpuen Exragy (xli) 108 P (i | X) + log prr(x; 0)], 4)

where the entropy term is a constant and thus omitted. Note that we do not
tune the weights of loss terms in Eq. and simply set them to 1.0. We also add
perceptual loss and adversarial loss [15] as common practice in VAE training [52].

From the noise-augmented training perspective, the distribution out-
putted by the VAE encoder can be decomposed into g and a Gaussian noise,
X = p + €,€ ~ N(0,diag(c?)). Ideally, the token distribution is already aug-
mented by noise e. However, for a well-pretrained VAE, we observe that o2 is
usually very small. There are two main reasons. First, the KL term could have
maintained the variance as regularization but is usually assigned a very small
weight (e.g., 107°), making its effect negligible. Second, if o2 is large, it is hard
for the decoder to reconstruct the image from the highly varying latent. Thus,
the encoder shrinks the variance, making it easier to decode. As a result, the
latent still needs noise augmentation for NF training.

In this work, we manually set o2 from the encoder to a constant 2 and
the VAE encoder embeds images into x = p + €, € ~ N(0,5°I). The resulting
‘VAE+NF’ framework naturally becomes noise-augmented training. NF learns
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Fig. 3: Robustness of VAEs with fixed variances. (a) A VAE with a large and
fixed variance can maintain reconstruction quality under latent noise, while the per-
formance of a VAE with learnable variance degrades significantly. (b) For VAEs with a
large variance, the images reconstructed from linearly interpolated latents still clearly
show the main subjects (the cat or the dog), rather than blending them. ‘Learnable’
indicates a standard VAE with learnable variance, while ‘G2 = 22’ denotes a VAE with
a fixed variance of x2.

the distribution while the decoder is trained to reconstruct the image. This avoids
additional noising and denoising steps.

From the VAE ELBO perspective, a straightforward way for end-to-end
training is to follow the ELBO:

Eoxqy (x/i) 108 pus (i | X) + log par (x; 0) — log gy (x | 1)] (5)

where the entropy term maintains variance not to be small, avoiding latent
collapse .

However, we empirically find it hard to balance the three loss terms. The
reconstruction term tends to reduce the variance, the NF term tends to shrink
the predicted latent mean, while the entropy term tends to enlarge the variance.
The tension makes the training sensitive to the weighting of these terms and
leads to suboptimal performance.

In SimFlow, because we manually set o2 as a constant, the entropy term
becomes constant as well (see the supplement). The objective now consists of
only the reconstruction and generation terms. It then becomes easier to train
the entire framework by simply assigning equal weights to both terms.

4.2 Representation alignment

Recent studies show that alignment with features extracted from
a representative model significantly benefits the training of a diffusion model.
During training, REPA extracts features with a pretrained representation
model, such as DINOv2-B [4] and uses a projector to align diffusion hidden states
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Fig. 4: End-to-end training makes latent space more suitable for develop-
ing generative models. (a) Spectral entropy measures the randomness of frequency
components; lower values indicate simpler data distributions in the frequency domain.
(b) Ratio of high-frequency components. (c) Total variation captures the overall local
changes across tokens; lower values imply smoother latents. (d) Autocorrelation reflects
how similar a token sequence is to a shifted version of itself; higher autocorrelation in-
dicates stronger spatial consistency.

with DINO features. Besides, VAVAE [67] and REPA-E [36] report stronger
benefits of alignment when training VAE or under joint training.

We adopt REPA to SimFlow. As shown in Figure d)7 we extract features
from DINOv2-B and use a projector to align the hidden states of NF with DINO
features. Note that, because of the end-to-end nature of SimFlow, REPA applied
to SimFlow naturally becomes REPA-E, where REPA gradients flow from the
NF to the VAE encoder.

4.3 Why does fixed variance avoid latent collapse?

Leng et al. |[36] observe latent space collapse when they naively train DiT and
VAE together. We observe the same phenomenon on latent NFs. Intuitively, the
key reason is that the loss of generative models encourages latents x of different
images to be close to each other. When latent variance becomes smaller, the MSE
loss term for DiTs or NFs is reduced, providing a shortcut for optimization.

As discussed in Section [4.1] our encoder with fixed variance can be considered
as a predicted mean g plus noise: x = p + €,€ ~ N(0,5%I). If p of different
images were close to each other, the differences in p would be overwhelmed by
noise €, making it hard to reconstruct images. To maintain good reconstruction
quality, the system thus tends not to shrink the latent variation as much as naive
end-to-end training, allowing for effective end-to-end training. We show similar
effects of other noise design in Section

Furthermore, we provide a theoretical explanation why naive end-to-end
training leads to latent collapse and how SimFlow avoids that (see the sup-
plement).

Proof sketch. In many VAE setups, the KL term is down-weighted (e.g., 8=
107%), so the objective is dominated by reconstruction and the latent generative
loss log pw, (i | x) +1og pnr(x; ). Note that the generative-model loss is typically
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dominated by an MSE term, so when the distances between latents become
smaller, the loss always decreases. For any given VAE, we can always construct a
new VAE whose latents are closer to each other, while keeping the reconstruction
loss unchanged and reducing the generative loss (ignoring numerical errors),
leading to latent collapse. In contrast, with a fixed variance, there exists an
encoder for which making the latents closer does not yield a better loss.

4.4 Working mechanism

Why does a fixed variance improve NF generation? First, our VAE is
more robust to imperfect predictions from the generative model. We use differ-
ent VAEs to reconstruct the 50K validation images in ImageNet 256 x 256 with
increasing noise level on the latent, and then measure the reconstruct quality.
Figure (a) shows that while a VAE with learnable variance achieves the best
reconstruction quality when there is no noise on the latent, VAE with a large
and fixed variance is more robust to noise. Thus, when NFs generate imperfect
latent, our VAE can still decode good images. Second, we linearly interpolate
the latents from two images and visualize the reconstruction results of the in-
terpolation points. As seen in Figure (b), reconstruction results are better for
the VAE with fixed variance, indicating that the latent space of our VAEs is
smooth and easy for NFs to learn. Note that, while large variance makes the
VAE more robust, it may over-smooth the latent space and limit the reconstruc-
tion and generation quality. Thus, a moderate variance performs overall best
(see Section [5.3)).

How does end-to-end training help? Prior works explore what VAE
latent space is suitable for training a generative model, especially for diffusion
models [55}/66,/67]. Based on SimFlow, we present a new perspective: if we jointly
train VAE with a generative model, will the latent space become more suitable
for generation?

To answer this, we use different statistics to analyze latent space. As shown
in Figure [4] the latent space of end-to-end training has lower spectral entropy
and less high-frequency components, making it easier for generative models to fit
the distribution [55]. Moreover, tokens have lower total variation and higher au-
tocorrelation. This means the token sequence is more suitable for autoregressive
modeling. Because our NF is based on AF, the latent space is therefore expected
to be more favorable for NF modeling.

4.5 Revisit classifier-free guidance for NFs

CFG [22] significantly improves the performance of diffusion models, by using
unconditional outputs to push the class-conditional predictions. This technique
has been applied to NFs recently |16}70]. TARFlow [70] does an early exploration
but their method lacks theoretical foundation. STARFlow [16| carefully designs
CFG for NFs based on mathematical proof, but CFG can only be applied on the
last block, limiting the effects on the other blocks.
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Table 1: Class-conditional performance on ImageNet 256 x256. Methods re-
quiring external pretrained models are highlighted in blue.

VAE Generation@256 w/o guidance Generation@256 w/ guidance
rFID| PSNR? gFID| ISt Prec.t Rec.t gFID| ISt Prec.t Rec.t

Method Epochs #Params

Pizel Space

ADM (8] 400 554M - - 10.94 101.0 0.69 0.63 3.94 2158 0.83 0.53
RIN [26] 480 410M - - 3.42  182.0 - - - - - -
PixelFTow |5] 320 677TM - - - . - - 1.98 282.1 0.81 0.60
PixNerd |63] 160 700M - - - - - - 2.15 297.0 0.79 0.59
SiD2 [23] 1280 - - - - - - - 1.38 - - -
TARFIow |70} 320 1.4B - - - - - - 4.69 - - -
JetFormer [60] 500 2.8B - - - - - - 6.64 - 0.69 0.56
FARMER |74] 320 1.9B - - - - - - 3.60 269.2 0.81 0.51
Autoregressive

VAR [59] 350 2.0B - - 1.92 323.1 0.82 0.59 1.73 350.2 0.82 0.60
MAR |[37] 800 943M 0.53 26.18 2.35 227.8 0.79 0.62 1.55 303.7 0.81 0.62
xAR [49] 800 1.1B 0.53 26.18 - - - - 1.24 301.6 0.83 0.64
Latent Diffusion

DiT [47] 1400 675M 0.61 24.98 9.62 121.5 0.67 0.67 2.27 278.2 0.83 0.57
MaskDiT |75] 1600 675M 0.61 24.98 5.69 177.9 0.74 0.60 2.28 276.6 0.80 0.61
SiT (39| 1400 675M 0.61 24.98 8.61 131.7 0.68 0.67 2.06 270.3 0.82 0.59
MDIV2 |13] 1080 675M 0.61 24.98 - - - - 1.58 314.7 0.79 0.65
REPA [69] 800 675M 0.61 24.98 5.78 158.3 0.70 0.68 1.29 306.3 0.79 0.64
VA-VAE (67| 800 675M 0.28 26.32 2.17 205.6 0.77 0.65 1.35 295.3 0.79 0.65
DDT (64] 400 675M 0.61 24.98 6.27 154.7 0.68 0.69 1.26 310.6 0.79 0.65
REPA-E 36| 800 675M 0.28 26.25 1.69 219.3 0.77 0.67 1.12 3029 0.79 0.66
RAE (73] 800 839M 0.57 18.86 1.51 2429 0.79 0.63 1.13 262.6 0.78 0.67
Latent Normalizing Flows

STARFlow |16] 320 1.4B 2.73 - - - - - 2.40 - - -
SimFlow 160 1.4B 1.21 23.07 13.72 105.2 0.67 0.62 2.15 276.8 0.83 0.57
SimFlow + REPA-E 160 1.4B 1.08 23.17  10.13 124.7 0.71 0.61 1.91 2844 0.82 0.60

Inspired by the denoising step in TARFlow |70], we run STARFlow CFG first
to generate tokens and then derive a score-based step on the generated tokens,
i.e.,

x = x +7(Vxlog pnr(x[c) — Vi log pnr (x|9)), (6)

where Vy log pnr(x|c) and Vi log pnr(x|@) are the gradients of the NF with and
without class labels ¢, respectively. v controls the step size. This step leverages
the full distribution modeled by the NF and utilizes all NF blocks, rather than
only the final one, thereby further improving the generation quality over the
CFG method in STARFlow.

5 Experiments

5.1 Implementation details

Experiments are conducted on the ImageNet 256 x 256 and 512 x 512 generation
tasks |7]. We report gFID [21], IS [53|, Precision, and Recall for generation [§].
Besides, rFID, PSNR |25, LPIPS |71], and SSIM [65] are reported for VAE
reconstruction evaluation.

We use the MAR VAE architecture [37,[52] and TARFlow as the basic NF
model. Both VAE and NF are trained from scratch. Following STARFlow, we
use a deep-shallow architecture. Specifically, the NF model has six blocks with
1152 hidden dimensions. The first five blocks have 2 layers while the last deep
block has 46 layers. Unless stated otherwise, SimFlow is trained for 80 epochs
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Table 2: Class-conditional performance on ImageNet 512x512. Methods re-
quiring external pretrained models are highlighted in blue.

Method #Params gFID| ISt Prec.t Rec.?
BigGAN-deep |3| 158M 8.43 177.9 0.88 0.29
StyleGAN-XL [54] - 2.41 267.8 0.77 0.52
VAR |59 2.3B 2.63 303.2 - -
MAGVIT-v2 [68| 307M 1.91 324.3 - -
MAR |37] 481M 1.73 279.9 - -
xAR [49] 608M 1.70 281.5 - -
ADM 8] 731M 3.85 221.7 0.84 0.53
SiD2 - 1.50 - - -
DiT 47| 674M 3.04 240.8 0.84 0.54
SiT 39| 674M 2.62 252.2 0.84 0.57
DiffiT 19| - 2.67 252.1 0.83 0.55
EDM2 |28| 1.5B 1.25 - - -
REPA [69] 675M 2.08 274.6 0.83 0.58
DDT |64] 675M 1.28 305.1 0.80 0.63
RAE |73| 839M 1.13 259.6 0.80 0.63
STARFlow |16] 1.4B 3.00 - - -
SimFlow + REPA-E 1.4B 2.74 304.9 0.81 0.57

with a global batch size of 256 and a constant learning rate of 1.0 x 10~%. In
Table |1} we extend the training with extra 80 epochs to get further improved
performance, where the learning rate reduces from 1.0 x 107™% to 1.0 x 1076 at
a cosine rate like STARFlow. Details can be found in the supplement.

5.2 Main evaluation

Comparison with state-of-the-art methods on ImageNet 256x256. Re-
sults are shown in Table [I| SimFlow achieves a gFID of 2.15, significantly out-
performing the prior NF method STARFlow (gFID=2.40). Note that STARFlow
is trained for 320 epochs while SimFlow is trained for 160 epochs. Our jointly-
trained VAE has better reconstruction quality (rFID=1.21) than STARFlow
(rFID=2.73). Besides, SimFlow surpasses a representative diffusion model, DiT [47].
Although SimFlow needs more parameters, the convergence rate is more than 8
times faster than DiT.

With REPA-E, SimFlow establishes the new state-of-the-art performance
among NFs (gFID 1.91). REPA-E not only improves the generation quality in
terms of gFID but also the reconstruction performance of VAE, with better rFID
and PSNR. It indicates that the guidance from a pretrained model is helpful for
building a better latent space, benefiting both the training of VAEs and NFs.

Comparison with state-of-the-art methods on ImageNet 512x512.
Results are summarized in Table [2} SimFlow with REPA-E also works on higher
resolution images and significantly surpasses STARFlow. Sample images gener-
ated from SimFlow are shown in Figure [

Effectiveness of end-to-end training. We present results in Figure [0}
Specifically, we train a normal VAE with fixed variance and then train the NF
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Fig. 5: Qualitative Results. We show selected examples of class-conditional gener-
ation on ImageNet using SimFlow.

model without updating the VAE at all, denoted as ‘Fixed var’ under the ‘Frozen
VAE’ category. It is clear that our method ‘Fixed var’ under ‘End-to-end’ train-
ing significantly outperforms the other (gFID = 16.97 vs. gFID 67.41). Only
setting a fixed variance does not improve the latent space, but the end-to-end
training makes the latent space more suitable for generation. Moreover, we ap-
ply noise-augmented training with encoder frozen (as in STARFlow) and
end-to-end training, respectively. As seen in Figure [f] end-to-end training also
obtains lower gFID, indicating its effectiveness.

Comparing fixed variance with noise augmentation under end-to-
end training. As shown in Figure@, fixed variance yields lower gFID (16.97 vs.
20.01). This demonstrates that fixing variance is a useful technique: it simplifies
the pipeline while having competitive performance. Here, we do not claim our
method is superior to noise augmentation because they essentially share similar
principles, i.e., perturbing the latents. We speculate that noise augmentation
would have close performance in end-to-end training if we train the model longer
or tune the hyperparameters.

Reconstruction vs. generation. The best reconstruction results are achieved
by learnable variance (see the supplement). However, Figure@ shows that learn-
able variance does not necessarily mean better generation. Our observation is
consistent with prior works , but from a different perspective of fixing or
training the variance term in VAE.

Comparing the revised CFG method with STARFlow CFG . We
run STARFlow CFG first to generate tokens and then derive a score-based step,
Eq. @ on the tokens. As demonstrated in Figure E with v = 0.25, our CFG
significantly improves the optimal generation quality. Besides, it introduces only
a mild increase in inference time compared to STARFlow (see the supplement).
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Fig. 6: Variant studies. Fixing the vari- Fig.7: CFG method comparison. Our
ance and end-to-end training can signifi- CFG method in Eq.[6} with an appropriate
cantly improve the generation quality of hyperparameter -y, improves the best point
the latent NF model. over the original STARFlow CFG [16].

Table 3: Comparison of different latent dimensions. A low latent dimension
limits reconstruction while a high dimension makes it harder for NFs to learn the
latent space. The best results are shown in bold, and the default setting is highlighted
in red.

Dim rFID| PSNR{ LpPIPS, ssimp 8FID w.o.  gFID w.

CFGJ| CFGJ|
16 4.98 19.94 0.327 0.45 11.00 3.55
32 2.60 21.42 0.274 0.51 12.77 2.61
64 1.49 23.01 0.222 0.59 21.44 2.53
128 0.86 24.61 0.183 0.66 33.43 3.62

5.3 Further analysis

Comparing different latent dimensions. Table |3| presents the performance
of different VAE latent dimensions. Because we enforce a large and constant
variance (62 = 0.5?), a low latent dimension such as 16 cannot preserve suffi-
cient information. In contrast, a high dimension such as 128, while benefiting
reconstruction, would make it challenging for NF modeling. The best trade-off
is 64-dimensional.

Comparing different variance values. From Table % = 0.52 generally
results in good reconstruction and generation quality. We notice that larger vari-
ance accelerates convergence because the latent space is smoother, but reduces
the upper bound of the final performance. Overall, SimFlow performs well across
a wide range of variance.

Comparing different model sizes. In Table |5 scaling up NFs improves
both the reconstruction and generation quality. A small NF cannot fit a complex
latent distribution, and thus, the encoder tends to maintain a simple latent
space, sacrificing the reconstruction quality. When the NF is larger and more
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Table 4: Comparing different levels of variance. A moderate variance 5° = 0.5
performs the best. The superior results are shown in bold, and the default setting is
highlighted in yellow.

Var rFID|, PSNRt LPIPS, ssivp 8FID w.o. gFID w.

CFG| CFG|
0.12 1.90 22.61 0.238 0.57 25.54 3.01
0.252 1.55 22.94 0.225 0.58 21.35 2.57
0.52 1.49 23.01 0.222 0.59 21.44 2.53
0.752  1.54 22.88 0.224 0.59 17.76 2.39
1.0 1.76 22.60 0.231 0.58 19.36 2.66

Table 5: Comparing different model sizes. Large NFs improve both the recon-
struction and generation quality. The best results are shown in bold, and the default
setting is highlighted in gray.

Model #Params rFID, PSNR{ LPIPS| ssiMt SFID w.o. gFID w.

CFG. CFG|
S 37TM 170 22.81 0.230 0.58 65.57 15.34
B 141M 1.66 22.89 0.226 0.58 52.77 9.72
L 475M 152 22.95 0.224 0.59 33.53 3.72

XL 695M 1.51 22.99 0.224 0.59 28.60 3.51

XXL 1.4B 1.49 23.01 0.222  0.59 21.44 2.53

Table 6: Comparison of different ways of adding noise to latent x. All these
ways enable end-to-end training. Our method ‘Additive’ performs the best and is high-
lighted in green.

Noise Equation rFID| PSNRtT gFID w.o. CFG/|
No noise x' =x Collapse

Linear x' =tx+ (1—t)e 8.54 19.74 71.0

Slerp x' =tx+ V1 — t2e 5.56 20.63 49.7
Additive x'=x+e€ 2.90 22.22 39.6

Table 7: Text-to-image generation. Fixing variance significantly improves genera-
tion quality across different latent dimensions.

Latent dim Var FID-25K | ISt
16/32/64 Learnable Latent collapse
STARFlow reproduce 68.85 10.82

16 0.12 56.08 (-12.77) 11.18 (+0.36)
16 0.52 36.46 (-32.39) 13.97 (+3.15)
16 1.02 34.48 (-34.37)  14.19 (+3.37)
32 0.12 60.98 (-7.87)  12.10 (+1.28)
32 0.52 47.38 (-21.47)  13.16 (+2.34)
32 1.02 41.63 (-27.22)  12.24 (+1.42)
64 0.12 79.16 (+10.31) 11.40 (+0.58)
64 0.52 57.01 (-11.84) 11.99 (+1.17)

64 1.02 53.52 (-15.33)  12.24 (+1.42)
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Table 8: Applying fixed variance to end-to-end training of other generative
models and VAEs. The colored rows apply fixed variance.

VAE Gen. . FID
Joint

Dim Train Model Train w/o CFG | Best CFG | Best setting

16 Unk. MAR-B  80ep X 16.85 3.46 cfg=4.0

16 Unk.+80ep MAR-B 80ep v 19.15 3.33 cfg=3.0

32 50ep SiT-XL/1 50ep X 20.36 4.41 cfg=3.1, gh=0.75
32 50ep SiT-XL/1 50ep v 17.70 4.24 cfg=3.35, gh=0.35
64 50ep SiT-XL/1 50ep X 28.33 5.67 cfg=3.6, gh=0.825
64 50ep SiT-XL/1 50ep v 19.11 4.21 cfg=2.5, gh=0.55
32 80ep REPA-E  80ep X 6.30 1.66 cfg=2.05, gh=0.8
32 80ep REPA-E  80ep v 4.38 1.56 cfg=2.1, gh=0.525

==O==Frozen VAE =O0= E2E

N\ s N

PEESES

2 \ e
S 15 i
3 2 : 1.56
2 3 4 5 20 25 3.0 35 4.0 2 3 4 1.0 1.5 2.0 25 3.0
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VAE f16d16, MAR-B VAE f16d32, SIT-XL/1 VAE 16464, SIT-XL/1 VAE 16d32, REPA-E

Fig. 8: CFG sweep for other generative models. Across MAR, SiT, and REPA-E
backbones, end-to-end training consistently improves the best FID over the two-stage
baseline under CFG sweeps.

expressive, generation quality is improved. Meanwhile, the encoder can embed
more information into latents, enhancing reconstruction quality as well.

Comparison of ditferent ways of adding noise to latent x. We test
different latent noise discussed in prior works [42,|48}/66]. Specifically, we train
VAEs with NFs for 100K iterations with these perturbations. As we expect in
Section [I.4] Table [6] shows that all these methods avoid collapse during end-to-
end training. Note that these perturbations have different strengths in removing
information in latents, leading to different performance. If we tune the weights
of the strengths of these methods, they should lead to similar results, which we
leave for future work.

Effect of fixed variance on text-to-image (T2I) generation. We also
conduct preliminary experiments on the T2l generation task. Specifically, we
train models on COCO train2017 at 256 x 256 with STARFlow-base and the
FLAN-T5-XL text encoder. The STARFlow baseline uses the pretrained SD-
VAE (f8d4) with additive latent noising (var = 0.32). All runs use batch size 32,
learning rate 0.0001, 100K steps, and the same loss config as SimFlow. Evaluation
uses val2017 captions, optimal CFG scale (CFG scale actually has minimal effect
on results), EMA weights, and reports FID-25K against the val2017 set. As
shown in Table[7] fixing the variance stabilizes training and consistently improves
generation quality.
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Effectiveness of SimFlow applied to other generative models. We
perform a preliminary study by jointly training VAE with MAR [37] or SiT [39].
For MAR, we choose the VAE provided by Li et al. |[37] and train the MAR-B
model for 80 epochs, with a batch size of 1024. For SiT, we choose the VAE in
LDM [52] and use the 32- and 64-dimensional checkpoints from Yao et al. [67],
which were trained for 50 epochs. We compare 1) SiT trained for 50 epochs
with the pretrained VAE frozen, and 2) jointly train SiT and a new VAE for
50 epochs from scratch. All models are evaluated with EMA, and we tune CFG
with a coarse-to-fine search. We first perform a rough search using large step
sizes (e.g., 0.5). After locating a promising range, we progressively narrow the
search interval and reduce the step size. For SiT, we search CFG with another
sampling hyperparameter “guidance-high (gh)”.

Table [§] and Figure [§] shows our method also stabilizes the training of other
generative models such as mask autoregressive model or diffusion models, and
we did not observe latent collapse during training. Besides, end-to-end training
achieves better generation quality after the same iterations. We notice that a
recent work also adopts a fixed variance to stabilize the end-to-end training of
the autoencoder and diffusion model [20]. Thus, end-to-end training for different
generative models with fixed-variance VAEs is a promising direction.

Generalization to other high-resolution datasets and modalities.
We conduct additional experiments on two high-resolution datasets: CelebA-HQ
1024 x 1024 |27] and AFHQv2 512 x 512 [6], as well as a text-to-audio generation
task |30138]. For each dataset, we compare the standard two-stage pipeline, which
first trains a VAE and then trains the NF on frozen VAE latents, against our
end-to-end SimFlow training. The results in the supplement further demonstrate
the effectiveness of SimFlow.

6 Conclusion

This paper presents SimFlow, an end-to-end training framework for latent NFs
by simply fixing the VAE variance. This makes latent space smoother and helps
NFs generalize better when sampling, without needing extra noise schedules or
denoising steps. Experiments show that SimFlow improves generation quality
and speeds up training compared to existing NF methods. Future work will ex-
pand this framework to large-scale text-to-image training and explore a second-
stage training with the VAE fixed after joint training.
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