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Abstract. Representation Autoencoders (RAEs) enable diffusion mod-
els to operate in the feature spaces of pretrained visual encoders. How-
ever, many off-the-shelf encoders are not optimized for faithful recon-
struction and often discard fine-grained visual details. Finetuning these
encoders for image reconstruction can recover such details, but we show
that it also reduces the effective dimensionality of the resulting represen-
tation space. We analyze how this altered geometry affects generation in
high-dimensional feature spaces. Under this geometry, standard veloc-
ity prediction in flow matching can require the model to fit orthogonal
noise directions outside the low-dimensional signal manifold, making op-
timization inefficient. This motivates the clean data parameterization
(x0-prediction), which focuses learning on the underlying signal mani-
fold. Across experiments with multiple reconstruction-finetuned feature
sets, we show that x0-prediction consistently improves text-to-image gen-
eration performance.

Keywords: Text-to-image generation · Representation autoencoder ·
x0-prediction

1 Introduction

Diffusion and flow-matching models [19, 28, 29, 50] have emerged as a standard
paradigm for high-fidelity visual generation, including text-to-image synthe-
sis [37,38,40]. To improve their computational efficiency, it is common to perform
generation in latent space. Early work used features produced by variational au-
toencoders (VAEs) [22, 38]. Since these latent spaces are low dimensional and
often discard perceptually important information [53, 65], an emerging line of
work on representational autoencoders (RAEs) [44,53,65] has aimed to perform
generation in the feature space of pretrained semantic visual encoders, such as
self-supervised features [34] and vision-language features [54].

However, in contrast to the VAEs used in traditional latent diffusion models,
there is no guarantee that these semantic encoders capture all of the information
that is present in an image, since they are not explicitly trained for reconstruc-
tion. As shown in Fig. 1, this can lead to the loss of high-frequency information
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(a) Reconstruction and overfitting experiment (b) Metrics

Fig. 1: Reconstruction and learnability of high-dimensional representation
autoencoders. Finetuning by reconstruction improves detail preservation but makes
simple single-image overfitting more difficult under standard velocity prediction in flow
matching. Clean data (x0) prediction mitigates this optimization difficulty. (a) Frozen
DINOv2-L [34] latents can be fit quickly with v-prediction, but have limited recon-
struction fidelity. Reconstruction-tuned DINOv2-L and MAE-RAE [17, 65] produce
more faithful reconstructions, yet v-prediction converges slowly in a simple single-
image overfitting test. In contrast, x0-prediction optimizes more efficiently in these
strong-reconstruction representation spaces. (b) This optimization advantage transfers
to text-to-image generation, where x0-prediction improves GenEval [16] and DPG-
Bench [20].

such as text, fine textures, and small objects. A natural way to address this is
by finetuning the semantic encoders with an autoencoding loss [7,42,52,62,63].

While these reconstruction-tuned feature spaces often improve generation
quality, we find that training text-to-image diffusion models on them can be sur-
prisingly challenging under standard formulations. As shown in Fig. 1, standard
velocity prediction with flow matching [28, 29] becomes harder to optimize in
the resulting high-dimensional feature space, converging slowly even in a simple
single-image overfitting test.

Prior work addresses this issue by compressing the latents down to a lower di-
mensional space [7,52,63], but this can discard important information. Diffusion
is not performed directly in the reconstruction-tuned high-dimensional feature
space, leaving the potential of these representations for generation largely unex-
plored.

In this paper, we aim to address these optimization challenges and train im-
age generation models directly in high-dimensional, reconstruction-tuned feature
spaces. We observe that this optimization difficulty is closely tied to the effec-
tive dimensionality (the minimum number of components required to explain
a certain percentage of total variance) of reconstruction-tuned representations.
Although the feature dimension is large (e.g., 768 or 1024), the learned features
concentrate near a much lower-dimensional subspace, exhibiting a sharp collapse
in effective dimensionality. Under this geometry, the standard velocity target de-
composes into a manifold-aligned component plus an orthogonal component that
is largely uninformative about the clean representation. In high dimensions, this
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orthogonal term can dominate, making optimization ine�cient and degrading
sample quality.

Guided by this analysis, we propose a simple but e�ective change. Instead of
predicting velocity, we take inspiration from Li and He [26] and directly predict
the clean representation (x0-prediction) in the high-dimensional feature space.
We identify and quantify a reconstruction-induced e�ective-dimensionality col-
lapse in high-dimensional latent spaces, and analyze why the resulting geometry
makes standard v-prediction ine�cient in this regime. By focusing learning on
the low-dimensional signal component and avoiding explicit regression of or-
thogonal noise directions, x0-prediction yields faster convergence and improved
generation. Across two strong-reconstruction tokenizers (�ne-tuned DINOv2-L
and an MAE-based RAE [17, 65]), x0-prediction consistently improves text-to-
image performance on GenEval [16], DPG-Bench [20], and COCO-30k FID [27],
matching or surpassing the corresponding frozen semantic baselines.

Our main contributions are threefold:

ˆ We identify and quantify an e�ective dimensionality collapse in reconstruction-
tuned high-dimensional representations, and show that this collapse is cor-
related to slow convergence of standard velocity prediction.

ˆ We analyze why x 0 prediction is better suited to this regime, showing that
it mathematically bypasses the orthogonal noise components that hinder
standard velocity targets in high dimensions. This allows the di�usion model
to e�ciently isolate and learn the underlying low-dimensional signal.

ˆ We demonstrate that x 0-prediction consistently improves text-to-image gen-
eration in strong-reconstruction representation spaces, enabling a �netuned
model to e�ectively surpass the generation quality of its frozen semantic
baseline counterpart.

2 Related Work

2.1 Di�usion and Flow Matching

Di�usion and �ow matching models have emerged as an important paradigm
for text-to-image generation. Transitioning from early U-Net-based architec-
tures [19, 33, 39] to modern di�usion transformers (DiT) [31, 36], these models
have exhibited exceptional scalability and synthesis quality for high-�delity gen-
eration [2, 15, 24, 37, 38, 40, 57]. Di�usion models [13, 19, 33, 47, 48, 50] de�ne a
probability path from noise to data through a prede�ned noise scheduler, which
speci�es how signal and noise are mixed over time. Training learns to reverse
this path via iterative denoising, with the network commonly parameterized
to predict noise � [19], clean data x0 [48], velocity v [41], or the score func-
tion r x t log pt (x t ) [49]. Flow matching instead de�nes an explicit deterministic
straight-line path between noise and data, and directly trains a neural network
to predict the velocity �eld that transports samples along this path [28,29]. Un-
der a uni�ed probability path perspective [21, 28], di�usion and �ow matching
mainly di�er in the choice of path and parameterization, which in turn induces
di�erent time weightings in the training objective.
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2.2 Unifying Representation Learning and Flow Matching

Recent work shows that strong representation learning bene�ts generative mod-
eling, and existing approaches fall into two directions. The �rst direction aligns
di�usion model features with pretrained representations during di�usion train-
ing [43, 56, 58, 61]. For example, REPA [61] explicitly supervises the intermedi-
ate features of di�usion models to match semantic encoder features [17, 34, 54],
thereby injecting structured semantic priors directly into the di�usion model.
This alignment improves semantic consistency and generation quality without
modifying the latent space or redesigning the overall di�usion architecture.

The second direction redesigns the latent space itself via representation au-
toencoders [7,8,60,64,65]. Speci�cally, AlignTok [7] proposes a three-stage �ne-
tuning strategy for pretrained encoders, enabling them to capture high-frequency
details for improved reconstruction while preserving semantic structure for bet-
ter generation. However, it typically operates in lower-dimensional latent spaces,
since di�usion models are di�cult to train e�ectively in high-dimensional repre-
sentation spaces. In contrast, RAE [65] leverages pretrained encoders [17,34,54]
as frozen feature extractors and demonstrates that di�usion models can oper-
ate directly on such high-dimensional semantic latents using a wider di�usion
head and modi�ed noise scheduling. However, the use of a frozen encoder limits
reconstruction quality.

Our work follows the second line of work. Following AlignTok [7], we extend it
to high-dimensional latent spaces, which naturally improve reconstruction qual-
ity, and demonstrate that such representations can still be di�used e�ectively.
Moreover, we �nd that simply adopting RAE-style designs is not su�cient to
fully address the di�usibility challenges [25,46] in high-dimensional latent spaces,
motivating a more principled treatment of this regime.

2.3 Clean image (x 0 ) prediction

Di�usion models admit several parameterizations of the reverse process, includ-
ing predicting the reverse-process mean, the added noise �, the clean data x0,
or the velocity v. Early di�usion probabilistic models learned reverse transition
statistics directly [47]. DDPM popularized �-prediction as a simple and e�ec-
tive training target, while also discussing alternatives such as x0-prediction [19].
Clean image prediction is also natural in image restoration, where the goal is to
recover the underlying clean signal [11,32,59].

Recent work such as JiT [26] revisits x0-prediction and argues that it is
particularly bene�cial in high-dimensional settings, where clean images lie near
a low-dimensional manifold while noise targets do not. Their analysis mainly
focuses on pixel space. In contrast, we study x0-prediction in high-dimensional
representation spaces, and connect its bene�t to the e�ective-dimensionality col-
lapse induced by reconstruction tuning.
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3 Method

We �rst review the preliminaries, then analyze why the standard v-prediction
objective used in �ow matching is di�cult to optimize in high-dimensional
reconstruction-tuned representation spaces, motivating x0-prediction as a simple
alternative.

3.1 Preliminaries

Flow matching. In standard practice, �ow matching [28, 29] uses linear in-
terpolation between clean data x0 � p data (x) and randomly sampled isotropic
Gaussian noise � � N (0; I) as input: z t = (1 � t)x 0 + t�, where t 2 [0; 1] sam-
pled from prede�ned time schedule. The velocity v = � � x 0 is employed as the
training target to supervise models. The loss function is de�ned as follows:

L = E t;x 0 ;� kv � (z t ; t) � vk 2; (1)

where v� is a function parameterized by �. Usually, v � is the direct output
of model [28, 29]. Velocity prediction can achieve strong performance for low-
dimensional VAE latent [15,24,55].

Representation autoencoder. RAE [65] uses pretrained representation en-
coders (e.g., SigLIP2 [54] and DINOv2 [34]) to produce latents for di�usion mod-
els [36, 38]. It presents promising performance for class-conditioned generation.
Scale-RAE [53] scales further for text-to-image generation by using SigLIP-2 [54].

x 0-prediction. Recently, JiT [26] shows that standard velocity prediction
struggles when data lies on a low-dimensional manifold within a high-dimensional
space such as pixel space. Thus, it employs model to predict clean data x0 di-
rectly and velocity loss v-loss by transformation: v � = z t �x �

t , where x� is the
model output, target is v = z t �x 0

t . The loss function becomes:

L = E t;x 0 ;� kv � (z t ; t) � vk 2 = E t;x 0 ;�










x 0 � x �

t










2

. (2)

3.2 Strong-Reconstruction Representation Autoencoder

Representation Autoencoders (RAE) [53, 65] accelerate text-to-image di�usion
training by adopting features from pretrained semantic encoders as their latent
representation. Yet, these semantic latents typically omit high-frequency infor-
mation crucial for precise reconstruction. While tolerable for standard genera-
tion, this degradation would be severely ampli�ed during �ne-grained generation.
We show reconstruction and over�tting results in Fig. 2, where generation by
using tokenizers from RAE [65] could be bottlenecked by reconstruction in some
cases. Consequently, we are motivated to explore generative modeling utilizing
strong-reconstruction representation autoencoders, which also inherit semantic
information.
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Table 1: E�ective dimensionality and reconstruction. We report the e�ective di-
mensionality and reconstruction performance (PSNR) on the ImageNet [12] validation
set. We evaluate two main groups of tokenizers/encoders. The �rst group utilizes check-
points from RAE [65], where all encoders are kept frozen and the decoders are trained
on ImageNet [12] (* indicates we trained the decoder for MAE-B from MAWS [45] on
ImageNet using the same architecture). For the second group, we train two decoders
separately: one with a frozen DINOv2-L [34] encoder and another with an unfrozen
encoder following [7]. R� is de�ned in Eq. (4), which means minimum number of com-
ponents required to account for at least �% of the variance.

Tokenizer/Encoder
Training
dataset

Dimensions Reconstruction
(PSNR)

Full R 90 R95 R99

DINOv1-B [4] IN-1k [12] 768 502 595 701 �

DINOv2-B-RAE [34,65] LVD-142M 768 507 611 726 18.85
SigLIP2-B-RAE [54,65] WebLI [10] 768 460 578 715 19.10
MAE-B-RAE [17,65] IN-1k [12] 768 103 252 578 28.13
MAE-B-IG-3B* [45] Instagram-3B 768 197 348 595 27.67

DINOv2-L [34] LVD-142M 1024 672 811 965 17.34
Finetuned DINOv2-L � 1024 129 302 726 29.12

E�ective dimensionality of representations. A straightforward approach
to improving the reconstruction of the representation autoencoder is to �netune
it using a reconstruction objective. However, as shown in Fig. 1, we �nd that
it is challenging to perform standard �ow matching v-prediction in the result-
ing representation space. Thus, we analyze the singular value spectrum of patch
embeddings across di�erent models. For each model, we extract L2-normalized
per-patch features for 200k patches randomly sampled from ImageNet [12]. Con-
cretely, for each model, we employ singular value decomposition (SVD) for the
concatenated patch embedding matrix H 2 RN�D to obtain singular values
� 1; � 2; :::; � D in non-increasing order, where N is the number of patches and D
is the embedding dimension. The total energy is E =

P D
i=1 � 2

i , and fraction of

energy explained by component i is fi = � 2
i

E . The cumulative energy of the top
k components is:

C(k) =
kX

i=1

f i =
P k

i=1 � 2
i

E
. (3)

Therefore, we de�ne the e�ective dimensionality as:

R� = minfk j C(k) � �g: (4)

This represents the minimum number of components required to account for
at least �% of the variance in the feature embedding. In our analysis, we eval-
uate � 2 f90; 95; 99g. We present the e�ective dimensionality and reconstruc-
tion performance on ImageNet [12] validation set of two main groups of en-
coders/tokenizers in Tab. 1. We present qualitative reconstruction results in Fig. 2.
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Fig. 2: Reconstruction and over�tting for representation autoencoders. We
show reconstruction and over�tting results for two groups of tokenizers. The �rst group
is RAE [65]. For the second group, we train two decoders separately: one with a frozen
DINOv2-L [34] encoder and another with an unfrozen encoder (�netuned) following [7].

First, we reuse the decoder checkpoints from RAE [65], where all encoders
are kept strictly frozen and the decoders are trained on ImageNet [12] for re-
construction. Additionally, we train a decoder for MAE-B from MAWS [45] on
ImageNet [12] using the same architecture. This MAE-B variant is pretrained
on the much larger Instagram-3B dataset. Finally, following prior work [7], we
train two separate decoders for DINOv2-L [34] on ImageNet [12] for image recon-
struction: one where the DINOv2-L encoder remains strictly frozen, and another
where the encoder is unfrozen and �netuned during training.

As shown in Tab. 1, the e�ective dimensionality for the DINOv2 [34] and
SigLIP2 [54] models remains high compared with the full feature dimension,
which could partially explain their promising generation performance. DINOv1 [4],
despite only being pretrained on ImageNet [12], also maintains a high e�ective
dimensionality. In contrast, MAE [17], whose pretraining objective is reconstruc-
tion, exhibits a much lower e�ective dimensionality, even when trained on a
large-scale dataset [45]. Similarly, the �netuned DINOv2-L has a signi�cantly
lower e�ective dimensionality than the original frozen DINOv2-L [34]. These re-
sults indicate that when an encoder is trained for reconstruction, the ratio of
e�ective dimensionality to the full feature dimension shrinks signi�cantly.

We further visualize this compression via normalized singular value decay and
cumulative explained variance in Fig. 3. As observed, the normalized singular
values of MAE [17] decay rapidly, a bottleneck that persists even when pretrained
on the massive Instagram-3B dataset. Similarly, when DINOv2-L is �netuned via
reconstruction, a much smaller number of principal components is required to
capture the same amount of variance compared to the original model. A potential
reason for this is that to perform reconstruction, the encoder must capture a
signi�cant amount of high-frequency information from the original image. Since



8 C. Feng et al.

Fig. 3: E�ective dimensionality of vision encoder representations. We analyze
normalized singular value decay (log-scale y-axis, normalized by � 1) and cumulative ex-
plained variance for the visual encoders listed in Tab. 1 and observe that reconstruction-
based objectives signi�cantly reduce e�ective dimensionality. For instance, the normal-
ized singular values of MAE [17] decay rapidly, even when pretrained on the massive
Instagram-3B dataset. Similarly, when DINOv2-L [34] is �netuned via reconstruction, a
much smaller number of principal components is required to capture the same amount
of variance compared to the original model.

natural images are suggested to reside on a low-dimensional manifold [3, 6, 26],
the features are forced to mimic this lower-dimensional distribution.

Based on Tab. 1 and Fig. 3, our hypothesis is that high-dimensional encoders
that are trained or �netuned for image reconstruction objective will concentrate
near a low-dimensional subspace. Assume the observed high-dimensional feature
x 0 2 Rh , extracted by a visual encoder, lies within a lower-dimensional subspace.
Speci�cally, x 0 is generated from a true latent variable c0 2 R l via the linear
mapping x0 = Qc 0, where the columns of Q 2 Rh�l form an orthonormal basis
for the subspace (i.e., QT Q = I l ). Input z h

t = (1�t)x 0+t� h could be decomposed
into z h

t = Q((1 � t)c 0 + t� l ) + t� ? , where �? = � h � Q� l = (I � QQ T )� h . z l
t =

(1�t)c 0 +t� l can be viewed as manifold component. �? is the normal component
and we have (I � QQ T )z h

t = t� ? . The model that predicts velocity in high-
dimensional space is de�ned as: vh� (z h

t ; t) = E[� h �x 0jz h
t ] = E[Q(� l �c 0)+� ? jz h

t ].
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Therefore, we can obtain

vh
� (z h

t ; t) = E[Q(� l � c 0)jz h
t ] + E[� ? jz h

t ]

= Qv l
� (Q> zh

t ; t) +
1
t
(I � QQ > )z h

t .
(5)

When the dimension of x0 is much higher than the dimension of c0 (h � l), the
model needs to allocate substantial capacity for1

t (I � QQ > )z h
t . As discussed

in [63], one solution is to train an adapter to reduce dimensionality. Instead, we
focus on predicting high-dimensional features in this paper, as retaining dimen-
sionality might be able to retain both rich semantic information and reconstruc-
tion capability. The second term in Eq. (5) is from � ? , which is introduced by
� h in the vanilla velocity prediction training target. To avoid this, we employ
the model to predict x 0 directly:

x h
� (z h

t ; t) = E[x 0jz h
t ] = E[Qc 0jQz l

t + t� ? ] = E[Qc 0jQz l
t ; t� ? ]: (6)

Since Qc0 is independent of t�? , Eq. (6) could be simpli�ed to:

x h
� (z h

t ; t) = E[Qc 0jQz l
t ] = QE[c 0jQz l

t ] = Qx l
� (z l

t ; t): (7)

Eq. (7) shows that directly modeling x 0 2 Rh in high-dimensional space could
predict c0 2 R l more e�ciently, especially when h � l.

x 0-prediction for representation latent. Based on our analysis above, we
prefer to do x0-prediction for strong-reconstruction representation autoencoders.
Speci�cally, given text-image pair (I i ; T i ), extracted text embeddings act as the
condition y i for di�usion transformer x � . Feature hi produced by representation
autoencoder g: hi = g(I i ) is used as latent for di�usion. Given input h i;t =
(1 � t)h i;0 + t�, DiT is trained to denoise noisy image representations. The loss
function is de�ned as follows:

L Di� = E t;h i;0 ;�










h i;0 � x � (h i;t ; t; y i )
t










2

, (8)

where hi;0 means the clean feature hi;0 := h i . In practice, we clamp t to a
minimum of 0.05, following [26], to prevent numerical instability.

Text-to-image generation architecture. As shown in Fig. 4, we mainly
focus on using representation autoencoder with strong reconstruction perfor-
mance for text-to-image generation. The high-dimensional visual features pro-
duced from it are used as latents for di�usion. For the generation framework, we
adopt an architecture similar to MetaQuery [35] and BLIP3-o [9], where we use
a frozen pretrained vision language model (VLM) for the autoregressive model.
Learnable query tokens are employed to extract text information as conditioning
for randomly initialized di�usion transformer (DiT).
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(a) Tokenizer (b) Text-to-image generation framework

Fig. 4: Method. (a) We unfreeze pretrained visual encoder when training the de-
coder for reconstruction. Then we use high-dimensional representation from �netuned
encoder as latent. (b) We use autoregressive model and query tokens to extract text
embedding as conditioning for DiT. Due to the low-dimensional manifold property, we
employ x 0 prediction to train text-to-image DiT more e�ciently.

4 Experiments

4.1 Implementation Details

We use Qwen3-VL-2B-Instruct [1] as our (frozen) autoregressive model and
Lumina-Next [66] with 1B size as our DiT. The DiT consists of 24 layers and
24 attention heads per layer, with a hidden dimension of 1536. The number of
query tokens is set to be 64. We use AdamW [30] with the learning rate of 10�4 .
Global batch size is 1024. We use a 34M subset of the public pretraining dataset
used in BLIP-3o [9]. All text-to-image generation models are trained for 90k
steps. The whole size of the public BLIP-3o [9] pretraining dataset is 39.3M.
It combines mostly webdata like CC12M [5], SA-1B [23], and JourneyDB [51],
and recaptions many images. VLM is frozen during training. DiT and learnable
query tokens are trained from scratch. Following prior work [53, 65], we adopt
the uniform time schedule with a shift for DiT training. Concretely, given base
tn , the shifted tm is de�ned as follows:

tm =
�t n

1 + (� � 1)t n
, (9)

where � =
p m

n , m = number of image tokens � token dimension. We use n =
4096 following RAE [53, 65]. We use two tokenizers: 1) frozen MAE pretrained
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