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Figure 1: AsymFLUX.2 klein generations. AsymFlow finetunes FLUX.2 klein into a pixel-space
flow model, producing highly realistic images with rich visual styles and fine detail.

Abstract

Flow-based generation in high-dimensional pixel spaces is difficult because velocity
prediction requires modeling high-dimensional noise, even when data has strong
low-rank structure. We present Asymmetric Flow Modeling (AsymFlow), a rank-
asymmetric velocity parameterization that restricts noise prediction to a low-rank
subspace while keeping data prediction full-dimensional. From this asymmetric
prediction, AsymFlow analytically recovers the full-dimensional velocity without
changing the network architecture or training/sampling procedures. On ImageNet
256x256, AsymFlow achieves a leading 1.57 FID, outperforming prior DiT/JiT-like
pixel diffusion models by a large margin. AsymFlow also provides the first-ever
route for finetuning pretrained latent flow models into pixel-space models: aligning
the low-rank pixel subspace to the latent space gives a seamless initialization
that preserves the latent model’s high-level semantics and structure, so finetuning
mainly improves low-level mismatches rather than relearning pixel generation. We
show that the pixel AsymFlow model finetuned from FLUX.2 klein 9B establishes
a new state of the art for pixel-space text-to-image generation, beating its latent base
on HPSv3, DPG-Bench, and GenEval while qualitatively showing substantially
improved visual realism.
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1 Introduction

Recent progress in diffusion-based image and video generation [5 16} 18132} |63| [72] has been driven
by combining scalable transformer architectures [[7} |15, 48] with flow matching objectives [} 40, 42].
Most state-of-the-art systems operate in compressed lower-dimensional latent spaces learned by
autoencoders [51]], which is highly scalable but delegates fine detail to a fixed decoder that the
generative model cannot control. This limitation motivates a return to high-dimensional generation,
including direct pixel-space generation [2} 9, |10l 27, |35} 45, 146,164 [71]].

However, moving to high-dimensional spaces exposes a bottleneck in velocity prediction. The
velocity target u = € — x( consists of both data and noise components. To predict it accurately,
the network must extract the noise from the input and pass it through its internal features. This is
straightforward in latent spaces, where the noise dimension is small relative to the network width. In
pixel space, however, the per-patch noise dimension can pollute the network’s internal states, creating
a bottleneck [75]. Classical pixel diffusion models used U-Net architectures [14} 21} 28, 152} [54],
whose skip connections naturally route noise from input to output. Modern scalable transformers
lack these pathways, so recent methods either reintroduce architectural bypasses, such as U-ViT-like
transformers [4} [11} [17, 22, 23] or decoder heads [10} 45} 62| |64} [71 [75]], which complicates the
otherwise simple transformer recipe, or switch to predicting clean data x( directly [35}146} 58], which
is numerically ill-conditioned at low noise levels 28} 155].

We introduce Asymmetric Flow Modeling (AsymFlow), a new parameterization for high-dimensional
flow modeling that avoids both of these compromises. AsymFlow parameterizes the two velocity
components asymmetrically: the data component remains full-dimensional, while the noise compo-
nent is restricted to a low-rank subspace. The full-dimensional velocity is recovered analytically, so
standard flow matching training and sampling remain unchanged. In this view, standard x(-prediction
and u-prediction are special cases of AsymFlow, corresponding to zero and full rank of this noise
subspace, respectively. Between these endpoints, AsymFlow can choose an intermediate rank that
keeps velocity prediction in an important subspace while avoiding full-rank noise prediction.

In addition, AsymFlow makes it possible to build large-scale pixel generators by finetuning pretrained
latent flow models. The key observation is that latent and pixel spaces are not disconnected: a latent
model can be mathematically lifted into a low-rank pixel model whose samples inherit the semantics
and structure of the latent generator. This turns latent-to-pixel adaptation into a correction problem,
where finetuning keeps the high-level content and only needs to close the low-level projection gap
between low-rank pixel outputs and full-rank pixel targets. To our knowledge, this is the first practical
path for turning existing large-scale latent flow models themselves into strong pixel generators.

We evaluate AsymFlow in two settings. On ImageNet 256x256 [12], AsymFlow reaches 1.76 FID
with the JiT-H/16 network [35] and 1.57 FID with an additional REPA loss [70], outperforming
prior DiT/JiT-like pixel diffusion models by a large margin. For text-to-image generation, our
pixel AsymFlow model finetuned from FLUX.2 klein 9B [6] sets a new state of the art in pixel-
space generation, beating its latent base on HPSv3 [44], DPG-Bench [25]], and GenEval [16] while
qualitatively exhibiting substantially improved visual realism.

To summarize, our main contributions are:

* We introduce AsymFlow, a novel rank-asymmetric flow parameterization with full-rank data and
low-rank noise for scalable high-dimensional generation.

* We provide the first method of finetuning pretrained latent flow models into pixel models through
AsymFlow, using a principled latent-to-pixel lift without architectural modifications.

* We achieve a leading 1.57 FID on ImageNet 256x256 and demonstrate a 9B-scale pixel-space
text-to-image model with state-of-the-art performance.

2 Related Work

Recent work mainly addresses the high-dimensional bottleneck in two ways: changing the network
architecture so high-dimensional noisy inputs can reach the output more easily, or changing the
prediction parameterization to avoid high-dimensional noise prediction.

Hierarchical architectures. One line of work keeps noise or velocity prediction feasible using
hierarchical architectures with high-dimensional bypasses. Classical DDPM/ADM-style U-Nets [[14]



21,152]] and U-ViT-like hierarchical transformers [4} [11} [17} 22, 23] use skip-connected multi-scale
structures, while DDT-like decoder-based designs [63]], including RAE, PixNerd, PixelDiT, DiP, and
DeCo [10} 145} 162} 164} [71} [75], expose the noisy input to decoder or refiner pathways conditioned
on backbone features. These designs are effective, but they complicate the plain transformer recipe
that has scaled successfully in large image and video generators [5} |6} [18}, [32] 163} [72]]. In contrast,
AsymFlow enables high-dimensional generation without architectural modification, making it possible
to finetune large-scale latent flow models into pixel space for the first time.

Prediction parameterizations. In early diffusion models, hierarchical U-Net-like architectures made
e-prediction practical, while x(-prediction was often less favored because of low-noise numerical
issues [21, 28} 155]]. With the paradigm shift to plain diffusion transformers (DiT) [43] 48] 1691,
JiT [35] argues that pixel diffusion should predict clean data x rather than noise or velocity, and
several follow-up pixel methods [46l 58] adopt the same xy-prediction backbone with perceptual or
representation-alignment (REPA) losses [[70} [73]. k-Diff [27]] learns a scalar interpolation between
xo- and u-prediction, but this isotropic parameterization does not reduce the dimensionality of the
noise component and gives results close to JiT. Unlike prior work, AsymFlow treats the prediction
target asymmetrically: the data term x( remains full-dimensional, while the noise term e is restricted
to a low-rank subspace, which retains the benefits of u-prediction in a meaningful subspace.

3 Preliminaries

We briefly introduce diffusion models [21} 59, 160] using the flow matching convention [[1} 40, |42],
then review common prediction parameterizations.

Flow matching. Let z; € R” be a data vector of dimension D. A typical flow model defines an
interpolation between a data sample and Gaussian noise € ~ N(0, I'), yielding the noisy sample
x; = ayxo + or€, where ¢ € (0, 1] denotes diffusion time and oy = 1 — ¢, oy = t define the linear
flow schedule. Under this construction, generative modeling is achieved by solving a reverse-time
SDE or ODE that transports noise to data [41, |61]. In particular, the ODE velocity is given by

% = Egynp(aola:) [mt;mo ] , which is the posterior mean of the sample velocity u:
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Then, a model (¢, t) —  is trained to estimate this posterior mean with the flow matching loss:
2
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u-prediction vs. x-prediction. The mapping (x;,t) — @ is often directly parameterized by a
neural network, i.e., & := Gg(x,t). This u-prediction form is widely used in modern latent flow
models [[15, 148, 151], where the representation is compressed. When moved to pixels or other high-
dimensional representations, however, the target u = € — x requires predicting a high-dimensional
noise component in addition to structured data [35,[75]. An alternative is xo-prediction, where the
network predicts clean data £y = Gg(x:,t) and recovers velocity as & = (x; — &g)/o;. This
avoids directly regressing Gaussian noise [35]], but the 1/0; conversion is ill-conditioned at low noise
levels [28}155]], limiting final-sample quality. Shin et al. [58]] also claim that REPA-style alignment
is less effective in x(-prediction pixel models. Thus, u- and xy-prediction expose complementary
trade-offs where neither is ideal for high-dimensional generation.

4 Asymmetric Flow Modeling

To address the challenges of high-dimensional flow modeling, we introduce AsymFlow, a rank-
asymmetric parameterization of the flow target. The key idea is to treat the two terms in the velocity
target asymmetrically: the data prediction term remains full-dimensional, while the noise prediction is
restricted to a low-rank subspace. This reduces the burden of representing high-dimensional noise in
the network’s internal states without changing the network architecture. The full-rank velocity is then
recovered analytically for training and sampling, leaving the flow matching formulation unchanged.
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Figure 2: AsymFlow parameterization and recovery. (a) AsymFlow changes the standard velocity
target by keeping the data term full-dimensional while replacing the noise term with its low-rank
projection Pe. (b) To recover the full-rank velocity, the low-rank component Py is used directly,
while the orthogonal component is converted using the x(-to-u relation in Eq. (E[)

4.1 AsymFlow Parameterization

Let A € RP*" be an orthonormal basis of a rank-r subspace, with ATA = I,., and let P :== AAT
be the corresponding orthogonal projector. Then Im(P) is the low-rank subspace and Im(I — P) is
its orthogonal complement. Given the noise € € R”, we use Pe to denote its subspace component.
We refer to Pe as low-rank noise, meaning Gaussian noise projected to a low-rank subspace.

AsymFlow changes the target that the network is asked to predict. In standard u-prediction (Eq. (T))),
the output must reproduce the full noise component € together with the data term —x(. For high-
dimensional data, this forces the model to carry high-dimensional noise through its features, which
pollutes its internal states and wastes network capacity. To address this issue, AsymFlow introduces
an asymmetric velocity ua where the noise term is low-rank while the data term remains full-rank:

up = Pe — x. 3)

We then train the network to predict the asymmetric velocity, i.e., ta = Gg (¢, t). This prediction
will be converted back to the full-rank velocity @ for loss calculation and denoising sampling

(Sec.[E2).

Fig. 2| (a) illustrates the visual difference between the full-rank velocity w and the asymmetric velocity
ua. Full-rank velocity is perturbed by dense noise, making it highly unpredictable. In contrast,
AsymFlow keeps the structured data term full-dimensional but restricts only the stochastic noise term
to a low-rank subspace. Since image data itself concentrates near a low-dimensional manifold, this
makes the overall asymmetric target more predictable for neural networks.

Patch-wise low-rank projection. Following the patch-token representation of DiTs [48]], we apply
low-rank projection independently within each image patch. Concretely, for a patch dimension D
and rank r < D, the matrix A € RP*" defines a low-rank subspace for each patch token, and the
same projector P = A A" is shared across all tokens. Thus, AsymFlow reduces the noise prediction
dimension within each patch while preserving the full set of image tokens.

Choosing the low-rank subspace. When training AsymFlow from scratch, A can be obtained from
a data-dependent patch basis, e.g., by applying PCA to image patches. When adapting a pretrained
latent model, A is instead chosen to align the latent space with the pixel patch space, which we
compute by a Procrustes alignment between latent variables and their corresponding pixel patches.
This latter construction enables a seamless latent-to-pixel initialization, and is discussed in Sec. El

4.2 Orthogonal Component View and Full-Rank Velocity Recovery

The asymmetric velocity in Eq. (3) has a simple interpretation after decomposing it into the low-rank
subspace Im(P) and its orthogonal complement Im(I — P):

Pup = Pe — Pxy = Pu, (I — P)upy = —(I — P)xyo. (€))



Rank ratio r/D =1/24

Asymmetric
velocity

Low-rank
component
€ Im(P)

-+

Orthogonal
component
€ Im(I — P)

X,-prediction low rank high rank u-prediction

(zero rank) (full rank)

AsymFlow parameterization family

Figure 3: Orthogonal component view of AsymFlow. AsymFlow parameterization can be decom-
posed into a Pu component in the low-rank subspace Im(P) and an (I — P)xo component in the
orthogonal complement Im(I — P). Varying the rank r yields a parameterization family whose
endpoints recover full xy-prediction and full u-prediction.

The decomposition reveals that AsymFlow behaves like u-prediction in the low-rank subspace
and like xy-prediction in the orthogonal complement. Adjusting the rank r creates a family of
parameterizations between the two endpoints, as shown in Fig. 3} when r = 0, the target reduces to
full xy-prediction up to sign; when r = D, AsymFlow recovers full u-prediction. We expect a small
but nonzero rank r to be optimal: it retains the benefit of u-prediction for controlling the flow on a
low-dimensional subspace, while avoiding the burden of predicting full-rank noise.

This component view also provides the conversion back to the full-rank velocity. We keep the

low-rank velocity component Pu s, and convert the orthogonal x(-style component to velocity using

the @(-to-u relation established in Eq. (T):

Ty + UA
Ot ’

u = Pup + (I — P) &)

In practice, we apply the conversion to the network prediction %5 to obtain %, which is used in the
flow matching loss (Eq. (2)) and denoising sampling. Fig.[2](b) illustrates this conversion visually.

5 Finetuning Latent Flow into Pixel AsymFlow

A key advantage of AsymFlow is that it provides a direct way to turn pretrained u-predicting latent
flow models into pixel-space generators. We first lift a pretrained latent model into an equivalent
low-rank pixel flow at initialization, with exact input and output conversions between latents and
low-rank pixels. Solving this lifted pixel flow ODE preserves the latent trajectory up to an analytically
determined orthogonal noise component, so the initialized model generates lifted low-rank pixels
whose semantics and structure match the pretrained latent model. Finetuning then focuses on
correcting the low-level projection gap between these low-rank pixels and the full-rank pixel targets.

5.1 Latent-to-Pixel Initialization

We consider a latent flow model @i, = G(z,t) pretrained on latent tokens zo € R? with velocity
u, = €, — zo. To bridge the latent-to-pixel gap, we construct a patch-wise linear lift A € RP>4
from latent space to pixel space using Procrustes alignment (details in Appendix [A-T), such that the
lifted low-rank pixels z§ := Azq approximate the full-rank pixels x¢. Consider the corresponding
pixel-space forward process T+ = a; x5 + o€ and velocity u* := € — (. Then the latent and pixel
quantities are related by exact input and output conversions:

xl + Au,

input: 2z, = ATl output: u“ = PAu, + (I — P)
Ot

(6)



The input identity shows that noisy low-rank pixels can be projected to noisy latents by A™, while
the output identity converts the lifted latent velocity Au, back to the low-rank pixel velocity using
the same recovery rule as AsymFlow in Eq. (3). These identities imply trajectory coupling of the
lifted pixel and latent ODEs (Theorem [I). Therefore, a d-dimensional latent u-prediction model
can be reinterpreted as an exact rank-d pixel flow model with the network AGg(ATxl ¢). In
implementation, the projections AT and A are fused into the learnable input and output linear layers
of G, yielding the initialized pixel AsymFlow model &a = Gg(x4,t) for later finetuning.

Initialization property. The initialized low-
rank pixel model predicts a target of the form
Pe — ¥, soits gap to the AsymFlow target u
(Eq. ) is only the approximation gap zo — ;. , Y

Due to the trajectory coupling (Theorem[T]), sam- '",i‘i‘;'.';’!fx‘“
pling the initialized model generates z{-like coupine

lifted low-rank pixel samples without accumulat-
ing additional trajectory errors. These samples Figure 4: Latent-to-pixel initialization. The lifted
are semantically and structurally aligned with low-rank pixel generation are semantically and
the x-like decoded latent samples, so the gap structurally aligned with the decoded latent gener-
xo — T is mainly low-level and easy to correct ~ ation, leaving only a low-level gap to correct.
during finetuning, as shown in Fig. ]

Native latent sample (decoded) Initial low-rank pixel sample

Scale calibration. A good initialization requires the scale of the lifted pixels z§ to align with
the scale of real pixels xy. However, under the orthonormality constraint AT A = I, Procrustes
alignment matches directions but not scale. We therefore introduce a scale factor s and use the
scale-calibrated lift w{)‘ = sAzy. In implementation, this scale correction is folded into the model
input, output, and internal timestep calibration, as detailed in Appendix [A.2]

5.2 Variance-Reduced Finetuning Loss

The initialization above reduces latent-to-pixel finetuning to correcting the paired low-level gap
xo — z§. While the standard flow matching loss (Eq. ) regressing to g already provides a valid
objective, the paired low-rank target z{ offers additional structure that can be used for variance
reduction using control variates, thereby improving convergence and sample quality [68]].

To achieve this, we inject a term —\(z§ — E[z}|z;]) into Eq. . This gives an equivalent flow
matching loss whose variance is lower when ||zg — x5|| is small. The conditional mean E[z} |x;]
can then be approximated by the prediction 25 of a frozen copy of the initialized low-rank model:
. 2 . RINT
|20 — &0 — Azl — Ezf|2¢]) || ] l”mo — & — Nz — zf) ||
~ ]Et,mo,e =

2
Ot

5 : Lyr.
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Here, & is predicted by the finetuned AsymFlow model from «; (converted to the ¢ format), and :i:%
is predicted by the frozen low-rank model from the paired noisy low-rank sample =} = a, 2§ + o€,
diffused with the same noise as x;. The parameter A is a patch-wise adaptive weight chosen to
minimize the loss gradient norm, thereby reducing the variance of the effective target. In practice, this
is implemented via an orthogonal projection and detailed in Appendix [A.3] Empirically, the resulting
variance-reduced objective Ly substantially improves fine-grained details in the generated results.

Et,mo&

Perceptual correction. The approximation in Eq. (7) assumes E[z{|z;] ~ E[z] |z}, which is only
exact if z; — & € Im(I — P). In practice, this condition is rarely strictly satisfied when ¢ < 1,
meaning the variance reduction term A(z} — () introduces a bounded approximation error inside
the low-rank subspace Im(P). Empirically, this manifests as excessive noise in the generated results.
To compensate, we add an LPIPS perceptual loss [46] between x and &(. This perceptual loss is
gated by the same patch-wise weight A, and we dynamically fade from the variance reduction term to
the LPIPS loss across diffusion time. We defer the exact weighting schedule to Appendix[A-4]

6 Experiments

We evaluate AsymFlow in two settings: ImageNet pixel models trained from scratch with the JiT-H/16
network, which isolate the parameterization itself, and large text-to-image models finetuned from the
FLUX.2 klein latent generator, which test the finetuning approach and scalability of AsymFlow.
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Table 2: ImageNet 256x256 pixel diffusion
6.1 Training from Scratch on ImageNet comparison. FLOP estimation follows the

convention in [71]. * denotes JiT evaluation
We train class-conditional ImageNet 256x256 pixel protocol, which may have up to 0.08 better
models using the same setup as JiT-H/16 (see Table FID than ADM according to our tests.
9 in [33])), changing only the prediction parame-
terization. Unless otherwise stated, AsymFlow is
trained using the flow matching loss (Eq. (2)) using
a D = 768 patch-wise PCA subspace of rank 7, ADM-G[ld] € 5MM 2240 459
withr =0 exact]y reproducing JiT’s mo_prediction' Hierarchical transformers (skip connections / U-ViT-like)

Method Pred (+) Params GFLOPs FID|
Hierarchical CNNs (skip connections / U-Net-like)

Results use ADM evaluation [14, [19] with grid- RIN [26] € 320M 668  3.42
; : el SiD, UViT/2 [22] € 2B 1110 244

searched guidance scales and mt'ervals that optimize VDMt UVIT2 BL < B 1o 21
FID [20, [33]]. We defer the details to Appendix [B] SiD2, UVIT/2 [23] c _ 274 173
. S . EPG-G/16 [34 14B 642 158
Comparison with JiT baseline. Table|l|compares  §jpp, UViT[/l {23 ] gio , 1306 1.38

AsymFIOW (r= 8) and the official JiT checkp(?mt Hierarchical transformers (decoder head / DDT-like)
using ADM evaluation after 6OQ eppchs. In practical PNerd XL/16 [64] ¢ —mo 700M 268 215
sampling, the x-to-u conversion in Eq. (I) clamps  pip_-x1/16 [10] e—mx 63IM . 179
the denominator by oy,;, to avoid numerical insta-  DeCo-XL/16 [45] e—xp 682M 245 1.62
bility [33]. Since AsymFlow applies this conversion ~ PXeIDITXL/I6[71] e—zo 797M 311 161
only in the orthogonal complement, it should be less ~ Plain transformers (DiT-like)

sensitive to this clamp. The results confirm this: PixelFlow-XL/4[9] e—=z, 677M 5818 1.98
with the optimal 0,3, = 0.04 for both methods, {,‘g(jl{gei_[;(%/l 6 (48] ;0 zgzﬁ ;2(3) }'Sg*
AsymFlow improves over JiT in both FID and IS by  jit.G/16 [35] mg 2B 766 1.82%
a clear margin; disabling clamping degrades JiT by  PixelREPA-H/16 [58] a0  953M 363  1.81*
1.37 FID, but AsymFlow by only 0.52. This shows ASYmFlow-H/16  Pe—zo 93M 363 157
that the asymmetric parameterization improves both

overall quality and low-noise numerical stability.

Patch rank. Figure[5studies the effect of the patch rank. Moving from JiT (r = 0) to AsymFlow
sharply improves guided FID, with the best result at » = 8; increasing the rank further gives mild
degradation. This matches the intended trade-off: AsymFlow keeps velocity prediction in a useful
low-rank subspace while avoiding the burden of predicting high-dimensional noise.

PCA subspace. Figure[5|also compares PCA and random subspaces at 7 = 8. The random subspace
performs close to the JiT baseline and far worse than PCA, showing that the gain comes from using a
meaningful low-rank subspace, not merely reducing rank.

Convergence speed. Figure [6|compares FID during training. With the same architecture and recipe,
AsymFlow (r = 8) consistently improves over JiT and reaches comparable FID roughly 40% faster.
Thus, the rank-asymmetric target improves not only final quality but also optimization efficiency.

Comparison with prior pixel diffusion models. Table2]compares AsymFlow (r = 8 plus a standard
REPA loss [70]) with prior ImageNet 256x256 pixel diffusion models. With REPA, AsymFlow
reaches 1.57 FID, establishing the state of the art among practical pixel diffusion models (excluding
the much more expensive SiD2 UViT/1). In particular, AsymFlow outperforms previous plain-
transformer models by a large margin (FID 1.57 vs. 1.81%). This result also shows that AsymFlow is
strongly compatible with REPA: PixeIREPA [58]] reports that plain REPA is ineffective for larger
JiT models, and its additional designs improve JiT-H/16 only from 1.86* to 1.81* FID; in contrast,
adding plain REPA to AsymFlow improves FID from 1.76 to 1.57, suggesting that the AsymFlow
parameterization is much more robust to auxiliary losses and can better leverage their benefits.
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Figure 7: Qualitative comparison of T2I diffusion models. AsymFLUX.2 klein produces more
realistic images with richer visual styles than prior models. More results are shown in Fig. El and

Table 3: Comparison with baselines and ablation studies. All models are finetuned on the LAION-
Aesthetics dataset [36]] for 10K iterations, and evaluated on the COCO-10K dataset [38]].

Method HPSv3T HPSv2.1T VQA?T CLIPT FID| pFID|
FLUX.2 klein Base + latent finetune 10.70 0.290 0.936 0.276 15.0 18.8
FLUX.2 klein Base + DDT finetune 10.33 0.291 0.922 0.273 20.4 26.0
AsymFLUX.2 klein (standard FM) 12.03 0.293 0.922 0.277 20.2 25.4
AsymFLUX.2 klein (variance reduction) 12.99 0.296 0.925 0.280 18.5 27.8
+ perceptual correction 13.06 0.297 0.925 0.278 19.1 22.5

Table 4: System-level comparison of text-

6.2 Finetuning Large Text-to-Image Models to-image (1024x1024) diffusion models.

For text-to-image generation, we finetune the pretrained Method HPSv31 DPGT GenEvalt
FLUX.2 klein Base 9B latent flow model [6] (patch  Latent diffusion models
dimension d = 128) into a pixel-space AsymFlow  SDXL [49] 820 747 055
model. We call the resulting model AsymFLUX.2 klein. ~ PixArt-X 8] 937 805 054
X .. Hunyuan-DiT [36] 8.19 789 0.63
The model is finetuned on 3M LAION-Aesthetics im- 11 (7 | dev ] 1043 840 067
ages [56]), resized to one-megapixel resolution and Qwen-Tmage 952 878  0.86
captioned with Qwen2.5-VL [3]. To reduce overfit- FLUX.2kleinBase [6] 9.50 852  0.80
ting, we freeze the base model and finetune only the  pixe! diffusion models
input/output projection layers together with rank-256 5 o1 895 835 074
LoRA adapters [24]]. Sampling uses UniPC with  AsymFLUX.2klein  10.66 868  0.82

APG orthogonal-projection guidance [53]. We defer
additional details to Appendix [B]

Evaluation protocol. All text-to-image evaluations generate 1024x1024 images. For system-level
comparison, we use three benchmarks: HPSv3 [44] measures human preference, which combines
realism, style, and overall prompt following, while DPG-Bench [25]] and GenEval [16] focus more
on fine-grained entities, attributes, relations, counting, and composition. For controlled ablations,
we generate images using 10K captions from the COCO 2014 validation set [38]] and report
preference metrics HPSv3 [44]] and HPSv2.1 [67]], prompt-alignment metrics VQAScore [39] and
CLIP score [50], and distribution metrics FID [19] and patch FID (pFID) [37].

System-level comparison. Table ff] compares AsymFLUX.2 klein (with variance reduction and
perceptual correction) with prior latent and pixel text-to-image diffusion models. AsymFLUX.2
klein improves over its FLUX.2 klein latent base on all three benchmarks, with the largest gain
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Figure 8: Ablation of AsymFLUX.2 klein finetuning. AsymFlow produces finer details than the
DDT baseline. Variance reduction further improves details and texture but introduces excessive noise.
The LPIPS perceptual correction suppresses this artifact while preserving the sharp appearance.

on HPSv3, indicating a substantial improvement in human-aligned visual quality. Consequently, it
outperforms the prior pixel model PixelDiT-T2I by a large margin across all metrics, establishing
a new state of the art for pixel-space text-to-image generation. Figure [7] shows the same trend
qualitatively: AsymFLUX.2 klein produces realistic and diverse visual styles with stronger texture,
while popular latent models such as Qwen Image [3] and FLUX.2 klein Base [6] still have a more
artificial appearance; compared to PixelDiT-T2I, AsymFLUX.2 klein recovers much sharper details
in addition to other qualitative improvements, marking a significant step forward for pixel-space
text-to-image generation.

Controlled baselines. To separate dataset effects from latent-to-pixel conversion, we include a
latent-finetuned FLUX.2 klein baseline trained on the same data. We also include a u-prediction pixel
finetuning baseline with a DDT decoder head [65} [75]], similar in spirit to PixelDiT [71]]. The results
are presented in Table[3} compared to the latent baseline, finetuned AsymFLUX.2 klein models yield
clear improvements in HPSv3 and HPSv2.1, indicating that the improved overall quality comes from
AsymFlow pixel-space conversion instead of dataset bias. In contrast, the DDT baseline falls behind
in all metrics, despite having more parameters and capacity. This is also reflected in the qualitative
comparison in Figure 8] where the DDT baseline produces blurry images and exhibits minor patch
seams, while AsymFLUX.2 klein recovers sharper details and more realistic texture.

Loss ablations. The results in Table [3| also validate the effectiveness of variance reduction and
perceptual correction losses: variance reduction boosts all metrics except pFID, due to its low-noise
approximation error that introduces excessive noise (Figure [8). This is directly addressed by the
LPIPS perceptual correction loss, which significantly improves pFID and HPS scores, resulting in the
most natural and realistic texture in Figure 8]

7 Conclusion

We introduced AsymFlow, a rank-asymmetric flow velocity parameterization that enables high-
dimensional pixel-space generation with plain diffusion transformers. When trained from scratch,
this single parameterization yields a leading 1.57 FID among ImageNet pixel diffusion models. It
also provides the first path for finetuning pretrained large latent flow models into pixel generators
with improved visual fidelity, demonstrating AsymFlow’s scalability and practical impact. This opens
promising directions for high-fidelity image and video generation with finer low-level control, as well
as other high-dimensional data modalities previously out of reach for flow-based modeling.

Limitations. Latent-to-pixel finetuning assumes a good patch-level linear lift. It may not work well
when the pretrained latent space does not preserve pixel structure, such as in RAE models [[75]].
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A Method Details

A.1 Low-Rank Subspace Construction

For transformer-based pixel generation, AsymFlow requires a patch-wise low-rank subspace. We use
two constructions, depending on whether the model is trained from scratch or initialized from a latent
model.

Orthonormality requirement. In both cases we require the columns of A to be orthonormal. This
ensures that projecting standard pixel-space Gaussian noise preserves its Gaussian form inside the
low-rank coordinates: if € ~ N'(0,Ip) and ATA = I, then ATe ~ N(0, L,.).

PCA basis for from-scratch training. Ideally, the low-rank directions would preserve the most
perceptually important information in each image patch. When training from scratch, PCA gives a
practical proxy by retaining the dominant patch variations without introducing an additional learned
representation. Let X € RP*Y collect N image patches with normalized pixel values. Taking the
top left singular vectors of X gives the PCA subspace:

X=UxVvT, A=U,, P=AA". 8)
Here U, denotes the top r columns of U. Thus P keeps the data-adaptive PCA directions and
removes the remaining patch-space directions from the noise prediction.

Procrustes basis for latent-to-pixel finetuning. For latent-to-pixel finetuning, the subspace should
be aligned with the pretrained latent representation to minimize the paired gap ||zo — ={||. Let
X € RP*N collect image patches with normalized pixel values and Z € R?*¥ collect the
corresponding latent tokens. We solve the orthogonal Procrustes problem [57]
A = arg min | X — AZ|3. 9)
A€RPxd AT A=1T,
This objective finds an orthonormal lift from latent tokens to pixel patches. Equivalently, it maximizes
the inner-product alignment between AZ and X, so A* = argmaxyr4_y, Tr(ATXZ"). If
XZT =UXVT is the compact SVD, the solution is

Xz'=uxv?T, A*=UVT, P=A*A"T. (10)

Procrustes aligns directions under the orthonormality constraint. It does not determine the correct
pixel scale, so we apply the scalar calibration below.

A.2 Scale and Timestep Calibration

The Procrustes lift gives a directionally aligned low-rank pixel reconstruction, but its magnitude may
not match the pixel scale within the Procrustes subspace. We therefore introduce a scalar s and use
the calibrated lift

xy = sAz, ATA =1, P=AA". (11)

The scalar s is estimated from the same paired latent-token and pixel-patch statistics used above, by
matching the Frobenius norm of the latents Z and the rescaled projected pixels AT X /s:

_ ATX |
1Z ]|
Equivalently, the calibrated lift sAZ and the low-rank pixels PX have the same Frobenius norm.

(12)

Scale calibration must also be reflected in noisy inputs, not only in the clean lift. Projecting a noisy
pixel state gives signal coefficient s, and noise coefficient oy, so the latent-space signal-to-noise
ratio (SNR) is sy /0. The SNR constraint first determines the latent time 7 at which the pretrained
model should be evaluated. Under the linear flow schedule, this gives

1—-7 s(1-1) t

— e = =

T t s(1—t)+t

After fixing 7, the projected input must also have the correct noise magnitude o, = 7. This determines
the input rescaling

(13)

1

-
h— =
t s(l—t)+t

(14)
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which places the projected state on the latent trajectory expected by the pretrained model, up to a
low-rank approximation error:

AT (kx,) =~ AT (kxl) = a,20 + 0y, = 2, (15)

The output conversion must use the same calibration. The network is finetuned to predict the

calibrated AsymFlow target
u@! = Pe — @, (16)
S

which is defined in the coordinate system of the rescaled input kx;. Recovering the original pixel-
space full-rank velocity u = € — x( gives

cal
u:P(skufw(l—sk)xt)+(I—P)(“’t+8“A). 17)
Ot Ot
low-rank subspace orthogonal complement

Eq. (I7) is a generalized form of the uncalibrated conversion formula in Eq. (5). When s = 1 and
k = 1, it reduces to the uncalibrated formula.

In practice, we apply this generalized conversion to the calibrated network prediction ﬁ(jf‘l =

Geo(kxy, kt) to obtain @, which is used in the flow matching loss (Eq. ) and denoising sampling.

A.3 Adaptive Weighting for Variance Reduction

The variance-reduced loss in Eq. (7)) uses a patch-wise coefficient . For a given patch prediction,
A is determined by directly minimizing the loss residual along the one-dimensional control-variate
direction (see Appendix [C.3|for mathematical justification). Since the gradient of the squared loss is
proportional to the corrected residual, this also minimizes the corresponding gradient norm, effectively
selecting the lowest-variance target available along that direction.

The one-dimensional minimization has a closed-form solution given by an orthogonal projection. For
each patch, define the low-rank prediction deviation of the frozen low-rank model as d" := =} — &¥
and the full-rank prediction deviation of the finetuned model as d := xy — stopgrad(&p). The
variance-reduced loss residual is then d — Ad". Minimizing the patch loss over \ gives the one-
dimensional least-squares solution:
d,d")
N = argmin ||d — M\d"|* = (d, ) (18)
yrnld = A= ar
Geometrically, this subtracts the component of the full-pixel prediction deviation that lies along the
low-rank prediction deviation, leaving the smallest possible loss residual within this one-dimensional
family. In practice, we use the clamped coefficient A = min(max(\*,0), 1).

A4 Perceptual Correction

The variance-reduced loss in Eq. (7) uses the approximation E[z} | z;] ~ E[z} | =L, as analyzed in
Appendix This approximation is valid when z; — x+ € Im(I — P), which is guaranteed at t = 1
because both inputs are pure noise. For ¢ < 1, this condition requires £¢ — x5 € Im(I — P), which
generally does not hold, so the variance-reduction term A(xz} — £5) can introduce approximation
error in the low-rank subspace Im(P). Therefore, we need to reduce reliance on this term near the
low-noise end of the trajectory.

Simply downweighting the variance-reduction term near low noise is not ideal, because the variance-
reduced target is important for learning fine details. To compensate, we introduce a fading schedule
wt € [0,1] that interpolates from the variance-reduction term to an LPIPS [[73] perceptual loss
between & and x(. The variance-reduction term in Eq. is multiplied by 1 — w;:

N RINIE
g — 2o — (1 — wp)Mzx§ — 25)
EVRzEmo,e“ oMy S| | (19)
O
while the complementary perceptual term is multiplied by w;:
A
Lp = Eiap e [“’g LPIPS (o, 330)} . (20)
O
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Here )\ is reused only as the patch-wise adaptive gate for the perceptual correction, and 1/0? recovers
velocity-space weighting.
In our implementation, we define w; as a shifted signal-ratio schedule:

2
oy

== 21
Wt Oé% + (K/Ut)2 ) ( )
where « is a shift hyperparameter [[15] that controls the transition. The final finetuning loss is
L=Lyr + WPEP, (22)

where wp is a hyperparameter that controls the overall weight of the perceptual correction. In our
experiments, we use £ = 0.3 and wp = 0.2. We did not perform a systematic hyperparameter sweep
due to computational constraints, so there may be room for further improvement.

B Experiment Details

B.1 ImageNet Experiments

For ImageNet 256x256 experiments, we use the same architecture, optimizer, and other training
hyperparameters as JiIT-H/16 (see Table 9 of JiT [35]). Training for 600 epochs costs approximately
1750 NVIDIA H100 GPU hours. The REPA-enhanced variant follows the standard REPA setting [[70]:
we apply the REPA loss to the features after the 8th transformer block with loss weight 0.5.

At inference time, we set the velocity-recovery clamp to o, = 0.04, which performs better than
the JiT default 0,3, = 0.05 for both the JiT baseline and AsymFlow. Unless otherwise stated, all
other inference settings follow JiT exactly, including the 50-step Heun ODE solver, class-balanced
sampling, BF16 inference, and attention upcasting.

For each classifier-free guidance (CFG) [20]] result, we grid-search the CFG scale with step size 0.1
and the guidance interval with step size 0.02 [33]]. Table3]lists the selected settings for Fig.[5] The
final AsymFlow result in Tableuses CFG scale 2.3 and interval [0, 0.88], while the REPA-enhanced
result in Table 2Juses CFG scale 2.2 and interval [0, 0.88].

Table 5: Guidance settings for the ImageNet patch-rank sweep. These settings are selected by
grid-searching guided FID for each rank.

Patch rank r CFG scale Guidance interval
0 2.7 0,0.82
2 2.6 0,0.82
4 2.6 0,0.82
8 2.5 0,0.82
16 2.7 0,0.82
32 2.7 0,0.82
8 (random subspace) 2.8 0,0.82

B.2 Text-to-Image Experiments

For text-to-image experiments, we represent pixels in Oklab color space [47] because of its perceptual
uniformity, then normalize the values to mean 0 and standard deviation 1 before Procrustes alignment
and scale calibration. The patch size is 16, matching the ImageNet model. Thus the pixel patch
dimension is D = 16 x 16 x 3 = 768, while the AsymFlow rank follows the original FLUX.2 latent
dimension, » = d = 128.

We finetune on a 3M subset of LAION-Aesthetics images [56], curated with safety and aesthetics
filters. The images are resized to one-megapixel resolution and captioned with Qwen2.5-VL [3]]. To
reduce overfitting and preserve the pretrained model, we freeze the base weights and update only the
input/output projection layers together with rank-256 LoRA adapters [24]. The trained modules are:

* x_embedder, proj_out, and norm_out;
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* rank-256 LoRA adapters with dropout 0.05 on *.ff.linear_in, *.ff.linear_out,
*.ff_context.linear_in, *.ff_context.linear_out, timestep_embedder.linear_1,
timestep_embedder.linear_2, and single_transformer_blocks.*.attn.to_out.

Optimization uses 8-bit Adam [[13} 30] with batch size 256, betas (0.9, 0.95), learning rate 104
for all trainable parameters (except that proj_out uses 10~3). The final model used in the system
comparison is trained for 15K iterations, costing approximately 1100 NVIDIA H100 GPU hours.
For evaluation, we use the exponential moving average (EMA) of the finetuned weights with the
dynamic EMA schedule of Karras et al. [29] (using the hyperparameter v = 7.0). Sampling uses
UniPC [74] with APG orthogonal-projection guidance [53]]. At each sampling step, we convert the
denoised pixels to RGB color space and clamp the values to the valid range before converting them

back to Oklab velocity. Table[6|summarizes the main text-to-image settings.

Table 6: Text-to-image finetuning and evaluation settings.

Setting Value

Pixel color space Normalized Oklab [47]

Patch size 16

Patch dimension D 768

Patch rank r 128

Subspace construction  Orthogonal Procrustes lift with scale calibration
LoRA rank / dropout 256 /0.05

Flow shift [[15]

17.0

Training resolution
Pre-shift time sampling

IMP with mixed aspect ratios
LogitNormal(0, 1)

Optimizer 8-bit Adam [[13/130]
Learning rate 10~* (103 for proj_out)
Adam betas (0.9, 0.95)

Weight decay 0.0

Batch size 256

Training iterations 15K iterations

EMA Dynamic EMA, v = 7.0 [29]
Sampler UniPC [74)

Guidance scale
Sampling steps

4.0 with APG orthogonal projection [53]
32

Latent baseline. For the latent finetuning baseline, we use its native flow shift of 7.0. Other settings
are the same as AsymFlow for strict comparability.

DDT baseline. For the DDT pixel finetuning baseline, the DDT head uses two transformer blocks
with a wider dimension of 32 attention heads x192 features per head, similar to the RAE design [75].
We use the same A matrix as AsymFlow to initialize the input projection layer of the backbone,
which closes the input gap and significantly improves the DDT baseline over a random initialization.
The DDT head, input/output layers, and LoRA adapters are trained using a common learning rate of
10—, Other settings are the same as AsymFlow for strict comparability.

Inference time. AsymFLUX.2 klein uses the same number of tokens as the original FLUX.2 klein,
so the per-step running time stays exactly the same as the original latent model. Since VAE is not
used, the overall generation speed is marginally faster than the latent model.

C Mathematical Derivations

C.1 AsymFlow Decomposition and Recovery

We first make explicit the rank-r projector properties used throughout the paper. The columns of
A € RP*" form an orthonormal basis for the chosen low-rank subspace, so ATA = I,. This
orthonormality makes P = AA™ the orthogonal projector onto that subspace. Applying P twice is
the same as applying it once, so P? = P. The complementary projector I — P removes everything in
the low-rank subspace, which gives (I — P)P = 0. Together, these properties mean that any vector
can be cleanly separated into a low-rank component and an orthogonal component. The notation is
summarized as:

AcRP*  ATA=I, P=AA", P’=-P, (I-P)P=0. (23)
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We now restate the two targets in this notation. The standard velocity target combines full Gaussian
noise with the data term. AsymFlow keeps the same full data term, but applies the projector only to
the noise term:

U = € — Xy, up ‘= Pe — xg. (24)

Component decomposition. Projecting ua onto the low-rank subspace gives the true low-rank
velocity. This branch of AsymFlow is still a velocity target. It contains low-rank noise minus low-rank
data:

Puy = P(Pe — xy) = Pe — Pxg = P(e — xg) = Pu. (25)

Projecting ua onto the orthogonal complement removes the noise term entirely. This branch is no
longer a velocity target. It is the orthogonal clean-data component up to a minus sign:

(I = P)uy =(I — P)(Pe—x9) =—(I — P)xo. (26)
Together, Egs. and show that AsymFlow is velocity-like in Im(P) and x¢-like in Im(I — P).

Recovery rule. The same decomposition gives an exact route from the asymmetric target back to the
standard velocity target. The low-rank branch is already in velocity form, so this component is kept
directly:

Pu = Puy. 27

The orthogonal branch is different. Since Eq. says that (I — P)ua equals the negative clean-data
component, the orthogonal clean data is obtained by changing the sign:

(I — P)xo = —(I — P)ua. (28)

This clean-data component is then converted to velocity using the usual xy-to-u relation. The
orthogonal velocity is obtained by subtracting clean data from the noisy input and dividing by the

noise level:
Tt — Lo

— (I_p)w'

(I~ Ppu=(I-P)~— -

(29)
Combining the direct low-rank velocity branch with the converted orthogonal branch gives the
full-rank velocity target:

T+ up

u = Pup + (I — P) .
t

(30)
Thus, the asymmetric target itself contains enough information to reconstruct the standard full-rank
velocity target exactly.

Endpoint cases. The rank controls how much of the target is velocity-like. At rank zero, the projector
is zero, so AsymFlow becomes full xq-prediction up to sign. At full rank, the projector is the identity,
so AsymFlow becomes standard velocity prediction:

r=0 = P =0, up = —xo, r=D = P=1I upy=€—xy=mu. (3D

C.2 Latent-Pixel Flow Coupling at Initialization

We next show the trajectory coupling relationship that makes latent-to-pixel initialization exact: when
the latent and lifted pixel ODEs start from paired noise, the entire low-rank pixel trajectory can be
lifted from the latent trajectory plus the analytically determined orthogonal noise component. This
trajectory coupling holds for both scale-calibrated (Appendix [A.2) and uncalibrated AsymFlows.
Below we analyze the uncalibrated version for simplicity.

Let zo € R? denote a latent token, where d is the latent dimension. In this construction we choose
the pixel low-rank subspace to have the same rank r» = d, and use a linear lift A € R”*¢ from
latent tokens to pixel patches. As before, the columns of A are orthonormal, so ATA = I; and
P = AAT projects onto the latent-induced pixel subspace. The lifted low-rank pixel target is
x5 = Az, and projecting pixel noise back through AT gives the latent noise €, := ATe. The
notation is summarized as:

A e RPxd ATA=1,, P=AA", xy = Az, e, =A% (32)

With these definitions, projecting the lifted low-rank pixel process recovers the pretrained latent
process.
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Input identity. The pixel forward process diffuses the lifted low-rank pixels with full-rank pixel-space
noise:
33% = atw% + o€ = o Azg + o€ (33)
Projecting this noisy pixel sample by AT gives exactly the corresponding noisy latent sample:
Alzy = AT Az + 0 A e = auzo + ores = 2. (34)
Thus, the lifted pixel model evaluates the pretrained latent network at the paired noisy latent state.

QOutput identity. The latent model predicts latent velocity uw, = €, — zg. Lifting this prediction to
pixel space gives an AsymFlow-like target for the low-rank pixels

Au, = A(e, — z9) = AAe — Az) = Pe — xj. (35)
Therefore the low-rank pixel velocity u" := € — ; is obtained by applying the same recovery rule
from Sec.with up = Au, and x; = ac%:
xl + Au,

u® = PAu, + (I — P)
(e57

(36)
For analyzing the lifted latent initialization, this expression can be simplified because the lifted latent
prediction already lies in the low-rank subspace, so we have (I — P)Awu. = 0. This gives
(I — P)xy

¢ '

u = Au, + (37
Thus, at initialization, the low-rank branch is exactly the lifted latent velocity, while the orthogonal
branch is recovered directly from the current noisy pixel state. Note that this simplification does not
apply to the finetuned AsymFlow model and should not be used in the implementation.

Trajectory coupling. The identities above are pointwise statements about the noisy input and the
recovered velocity. What we need for initialization is slightly stronger: if the latent model and the
lifted pixel model are solved in parallel from paired noise, then their whole trajectories remain paired,
and their final samples still satisfy the same lifting relation.

Theorem 1. Let € € R” be a pixel-space noise sample and let €, = AT e be its low-rank projection.
Let G4 denote the pretrained latent flow velocity network. Consider the latent flow ODE on (0, 1]:
dzt

E = G(p(Zt,t), Z] = €4, (38)

and the lifted pixel flow ODE obtained by applying the simplified form in Eq. to the latent
network output:

dxl I- P)xl
S AGH(A k1) + ﬂ, xl =e (39)
dt o
Then the two trajectories satisfy
x = Az, +o,(I — P)e forallt e (0,1]. (40)

In particular, taking ¢ — 0 gives the final sample identity 5 = Azq.

Proof. For brevity, write the orthogonal noise component as e* := (I — P)e. Then the pixel noise
decomposes into the lifted latent noise plus the orthogonal residual:

€=Pe+ (I —Ple=AATe + et = Ae, + €. 41)
At t = 1, this decomposition matches the two ODE initial conditions:
xt = Az + o€t (42)
Now define a candidate lifted pixel trajectory from the latent trajectory:
:17:,{4 = Az + ateJ‘. (43)
We will show that this candidate trajectory satisfies the lifted pixel ODE in Eq. with the same

initial condition, so by uniqueness of ODE solutions, it must be identical to w{“ for all ¢. The candidate

trajectory has exactly the input identity required by the latent network:

ATzl = ATAz + 0, ATet = 2, (44)

20



It also has an orthogonal component determined only by the fixed orthogonal noise:
(I — P)&} = ore™. (45)

Substituting these two identities into the lifted pixel vector field gives the lifted latent velocity plus
the orthogonal noise velocity:

I-P)zt
AGy(ATZy 1) + (Uﬂ = AGy(z1,t) + €t (46)
t
The derivative of the candidate trajectory gives the same expression:
dep
T dt - dt

where we used Eq. and oy, = t. Thus &} satisfies the lifted pixel ODE in Eq. . Since it also
has the same value as =} at t = 1, uniqueness of the ODE solution gives

x =& = Az +0(I — P)e forallt € (0,1]. (48)
Finally, taking t — 0 gives x5 = Az. O

dz %El = AGy(z,t) + e, 47)

The same argument applies to Euler discretization with a shared time grid: if the relation holds before
a step, the latent update changes the low-rank component by At AG (2, t), while the lifted pixel
update additionally changes the orthogonal component by At e*, preserving the same paired form
after the step; by induction, the relation holds at all steps. Thus, at network initialization, the lifted
latent model is an exact low-rank pixel flow model. Note that this initialization is not yet a full
AsymFlow model on real pixels, as finetuning replaces the lifted low-rank data target x5 with the
full-rank pixel target x.

C.3 Details on Variance-Reduced Loss

The variance-reduced loss in Sec. [5.2]can be viewed as a control variate. The paired low-rank target

xy is correlated with the full pixel target o, and a frozen initialized low-rank model gives a good

estimate of it. We use this paired target to reduce the variance of the pixel residual without changing
the conditional mean target.

The exact control-variate identity is
E[zg — Elxf|@] | 2] = 0. (49)

Therefore adding any coefficient times this zero-mean residual does not change the conditional target.
The posterior mean remains unchanged, while the sampled target can have lower variance:

B[z — Mz§ — E[zg|z]) | @] = E[zo|,]. (50)

Before approximation, the objective is therefore equivalent to the standard flow matching loss in
xo format (Eq. (). The only role of the additional term is to reduce sampling variance when the
low-rank residual explains part of the full pixel residual.

In practice, the conditional mean E[z]|z,] is unavailable. We approximate it using the frozen
low-rank model prediction & from the paired noisy low-rank sample:

xr =yl + o, Elx§|®:] = E[zf|z}] = 2§ = Pxy — 0, AG4(A 2} 1), (51)
Substituting this approximation gives the practical variance-reduced loss in Eq. (7).

The approximation E[z5|z,] ~ E[z{|xl] is exact under the sufficient condition that the full noisy
input and the paired low-rank noisy input differ only in the orthogonal complement. In that case, their
low-rank components match, so the frozen low-rank model receives the same low-rank information:

x; —xp € Im(I - P) = ATz, = ATz} (52)

This requires either t = 1 or ¢y — x§ € Im(I — P), which is generally not satisfied due to the
non-linearity of the VAE encoder [51]]. When this condition is not satisfied, the approximation error
appears inside the low-rank subspace Im(P). To compensate for this, the perceptual correction is
introduced in the low-noise regime in place of the variance reduction, as detailed in Sec.
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D Additional Qualitative Results

AsymFLUX.2 klein (ours) PixelDiT-T2I FLUX.2 klein Base Qwen Image
Pixel Pixel Latent Latent

a movie still from a stanley kubrick film, The figure in the 1950s hazmat suit running as fast as they could, their heart pounding
in their chest, Behind them, a massive nuclear cloud loomed, spreading destruction in its wake, They looked around,

desperate for any sign of shelter, but all they saw was the endless expanse of ruins, chirascuro lighting, epic composition

| = 2 .
beautiful woman wearing a tight dress with cut outs at the hips and legs made of colored glass and acrylic stands in front of a
concept car parked at a modern vacation home in the style of Syd Mead, wide angle, sunny

L BN
gy,
A
iy e

m,
i3 i

leica m, cinematic lighting, intricate details, realistic facial features, highly detailed, cinematic, kodak portra 800, kodak color
film, cinematic, film grain, large film noise

massive robot machine long robotic legs, above citizens in street, soviet russia, dusty, 70's 60's film, scratched, boris
mikhailov gelatin silver print photography, evil, dystopia

Figure 9: Additional qualitative text-to-image comparisons (part A).
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AsymFLUX.2 klein (ours) PixelDiT-T2I FLUX.2 klein Base Qwen Image
Pixel Pixel Latent Latent

The image captures a romantic and dramatic scene featuring a couple embraced in a misty, almost ethereal forest. The color palette is dominated by shades of red and gray, creating a sense of passion and
intensity against a backdrop of serene nature. A man and a woman stand close together, both dressed in red. The man wears a long-sleeved shirt and dark pants, while the woman is adorned in a voluminous,
flowing red dress that cascades around her. They are embraced and looking at each other. The surrounding environment is a forest with tall trees, some with vibrant red foliage overhead that contrasts
beautifully with the muted gray of the mist. A stream or river flows nearby, with small waterfalls adding to the dynamic composition. In the background, a flash of lightning illuminates the sky, enhancing the
dramatic atmosphere of the scene. The overall impression is one of intense emotion within a mystical, natural setting.

DVD Screengrab From 1978 sci-fi Film, "starwars'; full body, depth of field, ultra realistic, hyper detailed, 35mm lens, editorial
photography, photorealism, volumetric light, epic scene, post production, 8k,

The photograph presents a young woman with her hands held up towards the viewer. Her hands are covered in a dark substance, possibly dirt or soot, which creates a striking contrast against the lighter skin
visible around her wrists. The woman's face is slightly blurred but you can see that she has dark eyebrows, red lipstick, and her hair is swept back. There's a slight smile on her face. She's wearing an olive-green
jacket, which suggests an outdoor setting. A thin red string is tied around her left wrist, adding a small splash of color to the overall muted tones. On her right wrist, she wears a gold bracelet. The background is
and out of focus, by shades of gray and brown. Hints of trees and indistinct shapes suggest a natural environment, perhaps a forest or park. The soft focus keeps the attention on the

'woman and her extended hands, making her the central subject of the photograph.

v producrlon st/ll from 1 974 ofAIejandro Jodorowskys ernomous crowd in stadium Worsh/p/nga one hundred foot tall messiah
of pulsating humans joined together in a wooden exoskeleton, ch200 ASA 35mm

T ik o

a chef cook is filming a tik tok video inside a restaurant kitchen

Figure 10: Additional qualitative text-to-image comparisons (part B).
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E Impact Statement

Our method enhances the photorealism of diffusion models, which significantly benefits creative
industries by enabling high-fidelity prototyping and asset creation. This advancement, however,
presents a dual-use challenge: more realistic imagery facilitates the creation of convincing disinfor-
mation or non-consensual media, increasing the potential for societal harm. Higher visual quality also
requires renewed scrutiny of dataset biases, as those biases will be rendered more persuasively. We
open-source our model to encourage scientific replication, but emphasize that responsible deployment
requires the use of standard safety filters and content provenance tools (like watermarking) to manage
these risks.
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