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Figure 1. (a) presents the core insights of our approach. Unlike previous works, we enhance semantic information along the forward pass
of the rectified flow via reconstruction distillation. Fig. (b) shows that increasing the latent space dimension consistently improves the
generation performance of RecTok, indicating that the dimensional bottleneck no longer constrains the semantic information encoded in
the latent features. (c) compares the gFID convergence across training epochs, where our method converges 7.75x faster than prior works
and achieves a final gFID of 1.34 without classifier-free guidance, the state-of-the-art gFID performance to date.

Abstract

Visual tokenizers play a crucial role in diffusion models.
The dimensionality of latent space governs both recon-
struction fidelity and the semantic expressiveness of the la-
tent feature. However, a fundamental trade-off is inherent
between dimensionality and generation quality, constrain-
ing existing methods to low-dimensional latent spaces.
Although recent works have leveraged vision foundation
models (VFMs) to enrich the semantics of visual tokeniz-
ers and accelerate convergence, high-dimensional tokeniz-
ers still underperform their low-dimensional counterparts.
In this work, we propose RecTok, which overcomes the
limitations of high-dimensional visual tokenizers through
two key innovations: flow semantic distillation and re-
construction—alignment distillation. Our key insight is to
make the forward flow in flow matching semantically rich,
which serves as the training space of diffusion transform-
ers, rather than focusing on the latent space as in previous
works. Specifically, our method distill the semantic infor-
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mation in VFMs into the forward flow trajectories in flow
matching. And we further enhance the semantics by intro-
ducing a masked feature reconstruction loss. Our RecTok
achieves superior image reconstruction, generation quality,
and discriminative performance. It achieves state-of-the-
art results on the gFID-50K under both with and without
classifier-free guidance settings, while maintaining a se-
mantically rich latent space structure. Furthermore, as the
latent dimensionality increases, we observe consistent im-
provements. Code and model are available at https://
shi-gingyu.github.io/rectok.github.io/.

1. Introduction

Diffusion modeling [13, 16, 21, 26, 35, 41] has become the
dominant paradigm for image and video generation. As a
crucial component, the visual tokenizer [24, 65] projects
images from raw pixels to a compact latent space. Since
the denoising network [5, 34, 38] is trained entirely in the
latent space, computational cost is significantly reduced.
However, the latent space is typically restricted to low fea-
ture dimensions to simplify diffusion training [13, 26, 41],
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which in turn limits both reconstruction fidelity and seman-
tic expressiveness [52, 62]. Therefore, expanding the latent
space while maintaining generative stability becomes a fun-
damental challenge in training visual tokenizers.

To address this limitation, previous methods [7, 60, 62]
distill semantic information from vision foundation mod-
els (VFMs) [17, 25, 37, 55] into the latent space, aiming
to enrich representation capacity and accelerate generative
convergence. However, their generation quality in high
dimensions still lags behind their low-dimensional coun-
terparts. Thus, these approaches remain constrained to
low-dimensional latent spaces (e.g., dimension 32). Re-
cently, RAE [69] increases DiT width to accommodate
high-dimensional latents for diffusion training, achieving
promising generative performance. However, its recon-
struction performance lags behind previous methods — a
limitation that is detrimental to tasks such as editing [1, 2,
14, 18, 50] and personalized generation [42, 49]. Further-
more, RAE does not systematically explore how dimension-
ality affects reconstruction, generation, and semantic repre-
sentation. In this work, we revisit this question and present
a principled framework for training high-dimensional visual
tokenizers without compromising performance.

Unlike previous works [6, 7, 62] that directly inject se-
mantics to the un-noised latent z(, we take a more training-
consistent perspective: Since DiT is trained on the forward
flow {z; | t € [0,1]} rather than on x(, we enhance the
semantics of all flow states z;. To understand the impor-
tance of semantic consistency along the flow, we first evalu-
ate the discriminative capability of latent features across ;.
As shown in Fig. 2, the linear probing accuracy of several
representative tokenizers [24, 61, 62] drops remarkably as
the latent is propagated along the forward flow—the very
representations that DiT receives during diffusion training.
This degradation highlights the need for semantic enhance-
ment throughout the entire flow, not just at z. In this work,
we propose RecTok with two key innovations to enhance se-
mantic consistency along the forward flow, simultaneously
improving dimensionality and generative quality.

The first innovation is Flow Semantic Distillation
(FSD). Our key insight is to distill the semantics of VFMs
into the forward flow trajectory {x | t € [0, 1]}, which rep-
resents the interpolation of clean data xg and noise ;. We
utilize a lightweight semantic decoder to extract semantic
features from points along the flow. These features are su-
pervised by the corresponding representations from VFMs,
as illustrated in Fig. 1 (a). FSD explicitly encourages the
forward flow path {x; | t € [0,1]} to remain semantically
discriminative. Consequently, our RecTok exhibits even
better accuracy on the flow than the latent features, as shown
in Fig. 2. The second innovation is Reconstruction and
Alignment Distillation (RAD). Inspired by masked image
modeling methods [17, 58, 71], which obtain semantically

rich features through pixel or feature reconstruction, we in-

troduce a reconstructive target during FSD. Specifically, we

apply random masks to the input image and reconstruct the
missing regions based on the visible noisy latent features.

We align the reconstructed latent features with full image

features extracted from VFMs.

Following previous works [61, 62, 69], we train and
evaluate our tokenizer and DiT [69] on the ImageNet-1K
dataset [43]. As the latent dimensionality increases, we ob-
serve consistent improvements across reconstruction, gen-
eration, and linear probing tasks. Compared to other dis-
tillation or VFM-based visual tokenizers, our approach ex-
hibits a clear advantage in convergence speed and gener-
ation quality, especially under without classifier-free guid-
ance [20] setting. To summarize, our key contributions in-
clude:

* We identify the significance of enhancing semantics of
forward flow trajectories, and introduce FSD and RAD
that effectively expedite diffusion training.

* Our tokenizer achieves an effective balance among recon-
struction, generation quality, and semantic representation.

* We demonstrate that all three aspects mentioned above
can be consistently improved by increasing the dimen-
sionality of the latent space.

2. Related Work

Visual Tokenizers for Image Generation. Broadly, visual
tokenizers fall into two categories: discrete and continuous.
Discrete tokenizers quantize image features with a learn-
able codebook [12, 36, 40, 63], and later works focus on
enlarging the codebook and improving utilization [64, 65].
Despite these advances, their reconstruction quality remains
inferior to continuous tokenizers, limiting downstream gen-
erative performance [3, 4, 48, 59]. Continuous tokenizers
instead map images into a continuous latent space. Rep-
resentative models such as VAE [24] regularize this latent
space using a KL loss, while subsequent works [12] intro-
duce perceptual and adversarial losses to improve recon-
struction quality. Recent studies [7, 62] have also shown
the advantage of aligning the latent space with the features
of Vision Foundation Models (VFMs) [37, 55], which ac-
celerates convergence and improves downstream generation
quality. However, these approaches still restrict the latent
representation to a low-dimensional space, constraining se-
mantic expressiveness and reconstruction fidelity. In con-
trast, our work further expands the dimensionality of the
latent space and observes continued improvements in gen-
eration quality.

High-dimensional Latent Space for Diffusion Models.
A high-dimensional latent space is crucial for high-fidelity
reconstruction and preserving rich semantic information.
However, scaling latent dimensionality presents an inherent
optimization challenge that often degrades generative per-
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Figure 2. Linear probing results on x:. We evaluate the dis-
criminative ability of representative tokenizers on the forward flow
through linear probing on x;. Specifically, we fix t = 0.5. As
shown in Fig. 2b-2d, both the t-SNE visualization and the lin-
ear probing accuracy demonstrate that their latent features perform
poorly during the training of DiT. In contrast, our RecTok exhibits
a clear advantage even under noise interpolation.

formance. Although VA-VAE [62] alleviates part of this dif-
ficulty via a VFM loss, its convergence in high dimensions
remains noticeably slower than that of low-dimensional
variants. Another line of works [6, 68] initialize the visual
encoder with VFMs. Yet, these methods still project high-
dimensional features into low-dimensional latents (e.g., di-
mension 32), inevitably discarding rich semantics in the
VFMs. More recently, RAE [69] makes the first attempt
to perform diffusion directly in the high-dimensional fea-
ture space of VFMs. However, because the VFM is kept
frozen, this approach inevitably loses fine-grained details,
leading to reconstruction artifacts. In concurrent work,
SVG [46, 47] employs a residual encoder to enhance recon-
struction fidelity while preserving semantics from VFMs.
Nevertheless, a performance gap remains between SVG and
state-of-the-art generation methods. In this work, we de-
velop a high-dimensional visual tokenizer that simultane-
ously excels in reconstruction fidelity, generative capability,
and semantic representation.

3. Method

3.1. Rectified Flow in Image Generation

Flow Matching. Flow matching methods [31] construct a
distribution transformation between data xy and noise
through forward and reverse flows. As a representative ap-

proach, Rectified Flow [32] adopts a forward flow defined
by linear interpolation, which simplifies the formulation of
the velocity field:

dl’t

{Zit:(l*t)l’o+tl’1, vt:ﬁ

=x1—x9. (D

During training, a neural network vy (z,t) is optimized
on the forward flow {z; | t € (0, 1]} to approximate the
velocity field as:

Lrp = Et,mo,wl {H U@(xtvt) - (331 - 33‘0) H;} ’ @)

During generation, vg(x,t) predicts the velocity that

gradually transforms noisy data into clean data x( through
the ODE solver [32, 33].
Visual Tokenizers. To reduce the training cost of gener-
ation models, prior works [13, 26, 41] project images into
a compact latent space via an encoder-decoder image tok-
enizer [24]. Given an input image I € R¥>*W 3 the en-
coder Ey produces a latent zo € R"***¢ and the decoder
D, reconstructs I:

zo = Eyg(I), I = Dy(xo). (3)

Both the encoder and decoder are typically based on
CNN [27] or ViT [11] architectures. Considering computa-
tional efficiency and scalability [69], we adopt a ViT-based
encoder—decoder design in this work.

The training of visual tokenizers typically involves mul-
tiple objectives, including reconstruction loss, perceptual
loss, GAN loss [36], and KL loss [24]. Moreover, recent
studies [62] have shown that distilling semantic information
from Vision Foundation Models (VFMs) [17, 37] into the
latent space can accelerate the convergence of downstream
generative models and further improve image quality. Over-
all, the general loss function of the visual tokenizer can be
formulated as follows:

L= )\rec »Crec +>\per ['per"_)\GAN »CGAN"_)\KL »CKL+)\sem £sem~
“)

3.2. Our Method: RecTok

Our motivation is illustrated in Fig. 2. Although previ-
ous methods improve the semantic information in x, the
discriminative ability of z; deteriorates significantly when
training the diffusion transformers (DiTs). Our key insight
is to enhance the semantic information not only in z, but
also the forward flow {z; | ¢t € [0, 1]}, where the DiTs are
trained. In the following section, we present two key inno-
vations that enhance semantic representation throughout the
forward flow.

Flow Semantic Distillation (FSD). Our goal is to make ev-
ery point x; along the forward flow discriminative and se-
mantically rich. Fortunately, the forward flow from data x
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Figure 3. Pipeline of RecTok. During the training of RecTok, we apply a random mask to the input image and encode the visible regions
using the encoder to obtain x1. We then sample a time step ¢ and use the forward flow to generate the corresponding z:. Subsequently, x;
is fed into two decoders: the Semantic Decoder reconstructs the features of VFMs, while the Pixel Decoder reconstructs the pixel space.
After training, both the Semantic Decoder and VFMs are discarded, ensuring the efficiency of RecTok during inference.

to noise ¢ is independent of the velocity network vg(z, ),
allowing us to obtain x; = (1 — )z + te, t € [0, 1] eas-
ily through interpolation between the encoded 2o = Fy(I)
and Gaussian noise €. Each z; is then decoded by a
lightweight semantic decoder Dsey, to obtain semantic fea-
tures, which are supervised by Vision Foundation Models
(VFMS) EVFM:

Lom=1-— COS(Dsem(fL't)y EVFM(I)) )

Specifically, the lightweight semantic decoder Diep
adopts a transformer architecture with only 1.5M parame-
ters. A lightweight design enforces the encoder to capture
richer semantic representations, as an overly powerful se-
mantic decoder would otherwise draw away the semantic
information from the encoder. We remove the normaliza-
tion on Dgem () and Evrm (1) for simplicity.

During FSD, we need to sample the timestep t. Consid-
ering the redundancy in high-dimensional latent spaces, we
apply a dimension-dependent shift to the distribution of t,
following RAE [69], and sample it as follows:

st! 4096

=m7 t'~U0,1), s=4/—7 (©)

t
r2d

where r, d is the resolution and dimension of the latent fea-
ture, respectively.

Reconstruction and Alignment Distillation (RAD). In-
spired by masked image modeling methods [7, 17, 61],
which enforce the model to learn robust representations by

predicting unseen image patches. To further enhance the se-
mantics along the flow. We introduce a reconstruction target
in the FSD. Specifically, we apply random masks to the in-
put image. We use a random mask ratio between -0.1 and
0.4. A negative ratio means that no mask is applied. After
encoding the visible image into latent feature )\, we utilize
a semantic decoder to reconstruct VFM features based on
the z}® = (1 —t)ay® + te. To ensure compatibility with the
reconstruction task, we utilize a transformer-based seman-
tic decoder Dgep,. The semantic loss L, is applied to both
masked and unmasked regions. Our ablation study demon-
strates that jointly performing semantic alignment and re-
construction yields the best overall performance.
Dimension of Latent Space. A fundamental limitation of
previous tokenizers in generative models is their confine-
ment to low-dimensional latent spaces. Although semantic
distillation [62] and channel regularization [8] partially al-
leviate this issue, the best practice remains restricted to 32
dimensions. We progressively increase the dimensionality
of the latent space. As shown in Tab. 2. Interestingly, this
leads to consistent improvements in reconstruction (rFID,
PSNR), generation (gFID, IS), and semantics (linear prob-
ing). This finding suggests the emergence of a shared latent
space in higher dimensions that effectively supports low-
level and high-level tasks.

Decoder Finetuning. After joint pixel and VFM-feature
training, we freeze the encoder to preserve the learned latent
semantics and finetune only the pixel decoder for image re-
construction. We disable the FSD and RAD and remove the
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Generation@256 w/o guidance  Generation @256 w/ guidance

Method Epochs Params
gFID| ISt Prec.t Rec.t gFID| IST Prec.t Rec.t
Autoregressive
54
30
61
Pixel Diffusion
ADM [10] 400 554M 1094 101.0 0.69 0.63 394 2158 0.83 0.53
RIN [22] 480 410M 342 182.0 - - - - - -
PixelFlow [9] 320 677TM - - - - 1.98 282.1 0.81 0.60
PixNerd [56] 160 700M - - - - 2.15 297.0 0.79 0.59
JiT [29] 600 2.0B - - - - 1.82 2926 - -
Latent Diffusion
DiT [38] 1400 675M 9.62 1215 0.67 0.67 227 2782 0.83 0.57
MaskDiT [70] 1600 675M 569 1779 0.74 0.60 228 276.6 0.80 0.61
SiT [34] 1400 675M 861 131.7 0.68 0.67 206 2703 0.82 0.59
MDTV2 [15] 1080 675M - - - - 1.58 3147 0.79 0.65
80 4.29 - - - - - - -
'A-VAE [62 M
v [62] 800 675 2.17 2056 0.77 0.65 1.35 2953 0.79 0.65
AFM [6] 800 675M 2.04 2062 0.76 0.67 1.37 2936 0.79 0.65
REPA [66] 80 675M 794 1213  0.69 0.64 - - - -
800 590 157.8 0.70 0.69 142 3057 0.80 0.64
DDT [57] 80 675M 6.62 1352 0.69 0.67 1.52 2637 0.78 0.63
400 6.27 1547  0.68 0.69 1.26 3106 0.79 0.65
80 346  159.8 0.77 0.63 1.67 2663 0.80 0.63
REPA-E [28 75M
[28] 800 675 1.83 2173 0.77 0.66 126 3149 0.79 0.66
SVGTok [47] 1400 675M 336 181.2 - - 1.92 2649 - -
80 2.16 2148 0.82 0.59 - - - -
RAE [69 839M
[69] 800 1.51 2429 0.79 0.63 113 262.6 0.78 0.67
80 209 1986 0.79 0.62 148 2238 0.79 0.65
RecTok M
ecTok (Ours) =5y 839 134 2546 078 065 113 2892 079  0.67

Table 1. Class-conditional performance on ImageNet 256x256. RecTok reaches an FID of 1.34 and an IS of 254.6 without guidance,
outperforming previous methods by a large margin. With AutoGuidance [23], it achieves an FID of 1.13 and an IS of 289.2 using only 600
epochs, representing the best overall performance.

losses Lk and L. While we do not claim this as our pri- 4. Experiment
mary contribution, it is a crucial step to improve reliability . .
and quality of the reconstruction. We show the performance 4.1. Implementation Details

improvement in Tab. 10. . . . .
P Visual Tokenizer. We adopt an architecture and training

strategy largely following [-DeTok [61]. Specifically, we
employ a ViT-B [11] backbone equipped with ROPE [53],
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Table 2. Results across different feature dimensions. L.P. Acc.
(L) denotes linear probing accuracy on latent features, while L.P.
Acc. (SL) refers to linear probing accuracy on second-last layer
features. As the feature dimension increases, discriminative abil-
ity, reconstruction, and generation show consistent gains.

Dim L.P.Acc. () L.P.Acc. (SL) rFID PSNR gFID

16 24.1 629 074 2275 275
32 38.8 63.7 0.71 2408 2.64
64 47.2 650 0.66 2493 257
128 55.4 68.1 0.65 2528 2.27

SwiGLU [45], and RMSNorm [67] for both encoder and
decoder. To investigate the impact of dimension on seman-
tics, generation, and reconstruction, we train models with
latent dimensions of 16, 32, 64, and 128. Note that this
only affects the dimensionality of the ViT’s linear head, so
the resulting changes in parameter count and computational
cost are negligible. Reparameterization and KL divergence
are used to regularize the latent space. We train our tok-
enizer on the ImageNet-1K training set for 200 epochs. We
set Apee = 1.0, Aper = 1.0, Aggw = 0.5, Ay = 1 x 1076,
and Ag¢,, = 1. The learning rate is set to 4 x 10~4, with a
linear warmup during the first 50 epochs followed by a co-
sine decay schedule for the remaining 150 epochs. We use
a global batch size of 1024 and an EMA rate of 0.999. We
evaluate our tokenizer through rFID [19] and PSNR on the
ImageNet-1K validation set.

Diffusion Model. For the diffusion model, inspired by the
advanced architecture of DiT ! [69], we utilize DiT?H-XL
as our diffusion transformers. We train DiT""-XL on
ImageNet-1K using rectified flow with a timestep shift strat-
egy. The model is trained for 800 epochs with an initial
learning rate of 2 x 10~* and global batch size 1024, fol-
lowed by a linear decay to 2 x 10~ after 40 epochs. During
training, we apply gradient clipping with a value of 1.0 and
no weight decay. We use an EMA rate of 0.995, and all eval-
uations are conducted using the EMA-weighted model. For
the ablation studies, the model trains for 80 epochs using the
same training strategy. We evaluate the diffusion models on
the ImageNet-1K validation set, measuring gFID, Inception
Score (IS) [44], Precision, and Recall. We utilize Auto-
Guidance [23] as the classifier-free guidance method. The
bad version in the AutoGuidance is a DiT°"-S trained on
ImageNet-1K for 30 epochs. During inference, we sample
150 steps using the Euler solver with a timestep shift; In the
ablation studies, we sample only 50 steps and skip decoder
finetuning to reduce computational cost.

All experiments are conducted on 32 H100 GPUs. Train-
ing the RecTok requires roughly 19 hours, while DiT"" re-
quires 10 hours for 80 epochs and 3 days for 600 epochs.

Table 3. Tokenizer comparison on ImageNet-1K. We com-
pare RecTok with representative tokenizers in terms of parame-
ters, GFLOPs, reconstruction, and generation. RecTok achieves
the best performance among ViT-based tokenizers.

Tokenizer = Params  GFlops ImageNet

rFID PSNR ¢FID
SD-VAE' 84M 445 0.62 2604 830
VA-VAE 70M 310 0.28 26.30 2.17
MAETok 176M 54.2 0.48 23.61 2.21
DeTok 176M 44.4 0.52 23.53 1.86
RAE 395M 128.9 0.57 18.98 1.51
RecTok 176M 44.4 0.48 26.16 1.34

TNumbers reported from the original papers.

RecTok VA-VAE

Figure 4. Visualization of latent features. We present the PCA
projection and cosine similarity heatmap of the latent features
from RecTok and VA-VAE. RecTok exhibits a more semantically
rich latent space.

4.2. Main Results

Tokenizer Performance. In Tab. 3, we compare Rec-
Tok with representative tokenizers [7, 41, 61, 62, 69] in
parameters, computation, reconstruction, and generation.
Although RecTok has more parameters than CNN-based
methods, it achieves the lowest computational cost due to
its efficient ViT architecture, which also benefits from mod-
ern acceleration. For reconstruction, RecTok outperforms
other ViT-based methods and achieves state-of-the-art gen-
eration performance. It also learns a semantically richer
latent space, surpassing prior tokenizers in linear probing
(Fig. 2). As shown in Fig. 4, PCA and similarity heatmaps
further demonstrate its more structured latent space com-
pared to VA-VAE. Overall, RecTok provides the best trade-
off among reconstruction fidelity, generation quality, and
semantic representation.

In terms of latent dimension, we gradually expand the
dimensionality of the latent space. As shown in Tab. 2, we
observe a clear trend that the reconstruction, generation, and
discriminative performances consistently improve as the di-
mension increases. To the best of our knowledge, RecTok
is the first work to demonstrate such improvement across all
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Figure 5. Qualitative results on ImageNet-1K 256 x 256. We show selected examples of class-conditional generation using DiT°H-XL

with AutoGuidance.

(a) FID-10K and IS-10K vs Train- (b) FID-50K vs Model Parame-
ing Epochs. FID converges ters. Larger models yield lower
around 600 epochs (between 4.0- gFID; evaluated with the 80 epochs
4.1), while IS keeps increasing. checkpoint.

(c) FID-10K and IS-10K vs Sam-
pling Steps. Strong performance is
achieved by ~60 steps (trained for

(d) FID-10K and IS-10K vs CFG.
Performance across classifier-free
guidance scales.

600 epochs).

Figure 6. FID and IS under different settings.

three aspects.

Generation Comparison. As shown in Tab. 1, Rec-
Tok with DiTPH-XL achieves the best gFID=1.34 without
classifier-free guidance [20]. When employing classifier-
free guidance, we adopt the AutoGuidance strategy and
achieve a gFID of 1.13, matching the gFID of RAE [69]
while showing a clear advantage in Inception Score
(IS) [44]. In Fig. 6a, we plot the gFID-10K and IS-10K
curves over training epochs. We observe that gFID-10K sta-
bilizes around 600 epochs, and therefore use the checkpoint
at epoch 600 for reporting final results. The scaling results
are presented in Fig. 6b, where the latent space of RecTok
demonstrates strong scaling capability. Figs. 6¢c—6d illus-
trate how different inference settings affect gFID and IS.
Considering the overall performance, we sample 150 steps

Table 4. Ablations on flow semantic distillation. We compare
our FSD with the x¢ semantic distillation using cosine similarity
and VF loss. The experimental results demonstrate that FSD yields
a significant improvement.

Setting Sem Loss L.P. Acc. rFID gFID IS

w/o FSD Cos Sim 44.35 0.69 335 1573
VF Loss [62] 37.52 072 391 1421

w FSD Cos Sim 55.40 0.65 227 1964

with a guidance scale of 1.29.

4.3. Ablation Studies

Ablations on FSD. In Tab. 4, we study the effectiveness of
FSD (i.e., applying distillation on z;). When we only align
the latent features xy to VFM features, a notable degrada-
tion of performance in generation and linear probing is ob-
served. This suggests that distilling semantic information
along the flow matching path benefits both generation per-
formance and semantic representation. In Tab 5, we com-
pare different Ag.,,, considering overall performance, we
set Agem = 1.

Ablations on Noise Schedule. As shown in Tab. 8, we
compare different noise sampling strategies during RecTok
training, including the Dimension-dependent Shift (referred
to as Shift), Uniform, and Logit-Normal (Lognorm) meth-
ods. We observe that uniform sampling achieves the best
reconstruction performance but performs the worst in gen-
eration quality. In contrast, the shift strategy yields slightly
lower reconstruction scores but delivers the best generative
results. Considering that the reconstruction quality can be
further improved through decoder finetuning, as shown in
Tab. 10, we adopt the Shift noise schedule as our default
configuration.
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Table 5. Ablations on semantic loss weight A.c. Asern = 1
achieves the best generation performance.

Asem  L.P.Ace. rFID gFID IS

0.5 54.8 0.59 2.78 179.5
1 55.4 0.65 2.27 196.4
2 56.1 0.87 2.43 199.7

Table 6. Ablations on vision foundation models (VFMs). DI-
NOV2 excels in low-dimensional latents (e.g., 16), while DINOv3
performs best in higher dimensions (e.g., 128).

Table 8. Comparison of different sampling distributions. Since
the reconstruction quality can be improved through decoder fine-
tuning, we adopt the Shift schedule.

Noise Schedule L.P.Acc. rFID PSNR gFID IS

Uniform 55.1 053 2671 250 191.6
Lognorm 535 0.57 2503 237 199.7
Shift 554 0.65 2528 227 1964

Table 9. Comparison of the performance on different semantic
decoders. A lightweight transformer achieves the best generation
performance.

VFM Dim=16 Dim=128
rFID gFID IS rFID gFID IS

DINOV3 [51] 0.81 2.86 195.2 0.65 2.27 196.4
DINOv2 [37] 0.74 2.75 183.3 0.53 2.38 184.7
SigLIP 2 [55] 0.71 3.59 172.3 0.51 3.14 178.6
RADIOV2 [39] 0.79 2.97 193.1 0.64 2.59 193.4
SAM [25] 0.83 4.96 141.1 0.69 4.47 157.2
Two VFEMs 0.69 3.26 164.7 0.49 251 181.3

TUsing two VFMs simultaneously (DINOv3 and SigLIP 2)

Table 7. Ablations on reconstruction and alignment distilla-
tion. RAD improves the generation performance, and the gain
does not originate from the transformer architecture.

Setting Sem Dec rFID gFID IS

Sem Dec Params L.P. Acc. rFID gFID IS

MLP 4M 51.2 076  3.02 1753
Transformer 10M 47.3 0.63 3.13  170.5
Transfromer 1.5M 554 0.65 2.27 1964

Table 10. Overall ablation study of FSD, RAD, and Decoder
Finetuning. Each method provides a clear improvement.

Method L.P.Acc. rFID PSNR gFID IS

Baseline 7.1 022 29.76 1207 575
+FSD 52.7 0.57 25.62 252 1845
+ RAD 554 0.65 2528 227 1964

+ Dec FT 554 048 26.16 2.23 198.2

Align. only MLP 0.76 3.02 175.3

Align. only Transformer 0.57 2.52 184.5
Rec. only Transformer 0.75 297 174.2
Rec. + Align.  Transformer  0.65 2.27 196.4

Ablations on VFMs. We study the impact of different
VEMs in FSD, including DINOv3 [51], DINOv2 [37],
SigLIP2 [55], RADIOV2 [39], and SAM [25], using large
variants for consistency with VA-VAE. DINOv3 performs
best in high-dimensional latent spaces, while DINOv2 ex-
cels in low-dimensional settings. Using multiple VFMs de-
grades generation performance. Thus, we adopt DINOv2
for 16/32 dimensions and DINOv3 for 64+ dimensions.
Ablations on RAD. We conduct four groups of ablation
studies, including (1) alignment only, (2) reconstruction
only, and (3) joint reconstruction and alignment. For
the alignment only setting, we experiment with two types
of semantic decoders: an MLP (4M parameters) and a
lightweight Transformer (1.5M parameters). As shown in
Table 7, the joint reconstruction and alignment strategy
achieves the best overall performance, obtaining the lowest
gFID, and the highest IS score.

Ablations on Semantic Decoder. In Tab. 9, we compare
different architectural designs of the Semantic Decoder. We
observe that using a transformer architecture consistently
outperforms an MLP across all metrics. However, increas-

ing the transformer’s capacity leads to degraded perfor-
mance in both linear probing accuracy and generation qual-
ity. Therefore, a lightweight transformer design provides
the best overall trade-off.

Overall Ablation Study. In Tab. 10, we present an ablation
study on the two key innovations and the decoder finetun-
ing. Each component brings a clear performance gain.

5. Conclusion

In this work, we address the fundamental challenge posed
by the latent dimensionality of visual tokenizers through
RecTok. Building on our core insight—enhancing seman-
tic consistency along the forward flow rather than only at
the un-noised latents. We introduce two key innovations:
Flow Semantic Distillation (FSD) and Reconstruction and
Alignment Distillation (RAD). Together, FSD and RAD
effectively enrich the semantics of RecTok’s latent space,
and we observe consistent improvements as the latent di-
mension increases. Experiments on ImageNet-1K demon-
strate that RecTok achieves state-of-the-art generation per-
formance while maintaining strong reconstruction quality
and semantic representation. We hope this work inspires
future research on high-dimensional visual tokenizers.
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