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Metric Entropy-Driven Explicit Manifold Modeling
for Diffusion Image Generation

Duoduo Xue, Member, IEEE, Zhiyu Zhu, Junhui Hou Senior Member, IEEE

Abstract—Image generative models aim to sample data points
from the underlying data manifold, a task that requires learning
and decoding a dense, low-dimensional, and compact parame-
terization space. Existing methods require a large number of
parameters to approximate the complex implicit data manifold.
In this paper, we propose the Data Manifold-aware Image diffu-
sioN moDel (MIND), a novel image generative framework that
explicitly models manifold geometry by integrating discrete patch
tokenization into the score function of a continuous diffusion
model, which theoretically guarantees learning the score network
in a parameterized space with lower metric entropy compared
with traditional continuous diffusion models without explicit data
manifold. MIND successfully leverages both the structural quan-
tization capabilities of discrete tokens and the parallel generation
flexibility of continuous diffusion. Moreover, we enable end-to-
end differentiable training via a novel soft top-k aggregation
mechanism and introduce dual-branch high-frequency feature
embedding layers to alleviate the spectral bias of transformer
backbones on low-dimensional inputs. For inference, we design a
multi-stage transition sampling scheme that dynamically adjusts
the sampling process based on the timestep. Furthermore, we
propose a one-step differentiable distillation with the straight-
through estimator, which successfully leverages the FD loss to
accelerate the discrete image generation. For image generation
on ImageNet 256×256 with guidance, the proposed MIND-B-G,
with only 130M parameters, achieves an FID of 2.06, surpassing
LlamaGen-3B with 3.1B parameters. Furthermore, MIND-XL-
G with 715M parameters reduces the FID to 1.84 and one-step
distillation using FD loss on the MIND sets a new SOTA FID of
0.9 among discrete image generation methods. Evaluated on the
comprehensive FDr6 metric, our MIND-XL-G achieves a score
of 4.87, marking a 42.3% reduction compared to the continuous
baseline SiT. Our MIND introduces a fresh perspective on
diffusion-based image generation, paving the way for future
research and innovation in this community. The code and project
page are publicly available at https://github.com/xddgit/MIND
and https://xddgit.github.io/MIND/, respectively.

Index Terms—Image generation, Discrete diffusion model,
Data manifold, Image tokenizer, Metric entropy

I. INTRODUCTION

DEEP generative models, encompassing generative adver-
sarial networks [1], [2], variational autoencoders [3],

and normalizing flows [4], have fundamentally revolution-
ized image synthesis [4]–[6]. In recent years, continuous
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diffusion models and score-based generative models [7]–[13],
particularly latent diffusion models [14]–[16] and Diffusion
Transformers (DiT) [17], [18], have become the standard
for high-fidelity image generation. Despite their impressive
performance, these models typically operate within unbounded
Euclidean spaces with infinite continuous states. While theo-
retical analyses heavily rely on the low-dimensional manifold
hypothesis—which posits that high-dimensional natural im-
ages reside on a low-dimensional topological structure [19]–
[25], existing continuous diffusion algorithms rarely model
this geometric prior explicitly, aside from a few specialized
Riemannian diffusion formulations [26], [27]. Consequently,
image generation with standard continuous diffusion models is
efficient but struggles to leverage the data manifold geometry
optimally. Parallel to continuous diffusion models, discrete
generation paradigms, e.g., next-token prediction [28], [29]
or masked diffusion models [30], [31], compress images into
discrete tokens via vector quantization [32]–[36]. Both of the
methods (intentionally or unintentionally) set a decoding order
onto the image generation process, e.g., the 1D generation
order for the next-token prediction or random order for the
discrete diffusion, which is constructed based on the assump-
tion of causality among different patches. However, unlike
language data, the success of vision diffusion models [8], [17],
[30], [37] has demonstrated that high generation fidelity relies
on progressively refining each token in parallel, which also
applies to consistency-like models [38]. Furthermore, image
generation models under the next-token prediction scheme
cannot utilize global bidirectional information during the early
sampling stages due to the inherent sequential generation
scheme [36].

Explicitly constraining continuous diffusion processes onto
a low-dimensional geometric manifold is highly appealing:
it not only aligns existing theory with the low-dimensional
manifold hypothesis, but also restricts score function learning
to a compact space with lower metric entropy (as we for-
mally prove in Section IV), thereby fundamentally reducing
generative complexity. However, achieving this in continu-
ous diffusion is fundamentally challenging. As demonstrated
by representation autoencoders (RAE) [37], low-dimensional
latent spaces restrict information capacity, such that contin-
uous diffusion models struggle to operate effectively within
compact parameterized spaces and demand high-dimensional
representations to achieve high-fidelity generation with a low
FID inherently. As demonstrated by numerical experiments,
projecting continuous latent features directly onto a strict
topological bottleneck (e.g., a low-dimensional hypersphere
surface) leads to catastrophic representation collapse. Because
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Fig. 1: MIND establishes a state-of-the-art FID of 0.9 among
discrete generative models. Compared to the baseline DiT,
MIND-B-G achieves better generation quality using ∼ 4×
fewer parameters. When evaluated on FDr6 , MIND outper-
forms standard continuous diffusion and flow-matching base-
lines, as well as discrete VAR with the same codebook size.

continuous autoencoders rely heavily on vector magnitudes
to encode structural information, the strict ℓ2-normalization
inherent to hyperspherical manifolds destroys this information,
resulting in severe perceptual distortion. In contrast, discrete
token indices encode information categorically. When mapped
to a low-dimensional manifold, discrete tokens rely entirely on
angular separation rather than magnitude, demonstrating an
innate immunity to bottleneck degradation. See more analysis
in Section III-A.

A. Contributions

In this paper, we propose a metric-entropy driven genera-
tive framework named data Manifold-aware Image diffusioN
moDel (MIND), which combines the representational robust-
ness of discrete tokenization with the sampling flexibility of
continuous diffusion. MIND models the diffusion process on
an explicitly defined data manifold and is theoretically guaran-
teed to possess lower metric entropy than standard continuous
diffusion models. Experimental results demonstrate that the
proposed framework achieves state-of-the-art performance in
image generation. In summary, our main contributions are
threefold:

• Motivated by reducing score function complexity, we
introduce a data manifold-aware image diffusion model
that explicitly models a hypersphere manifold and theo-
retically guarantees lower metric entropy than standard
continuous diffusion. To enable this explicit modeling
and mitigate the representation collapse when projecting
continuous variables onto low-dimensional manifolds,
we demonstrate the fundamental necessity and superior-
ity of discrete tokenization, establishing a theoretically
grounded and robust generative baseline.

• The proposed MIND features a differentiable soft top-k
bridge for training and multi-stage transition sampling for
inference. Furthermore, we propose a one-step differen-
tiable distillation via a straight-through estimator based
on the FD loss.

• Extensive experiments demonstrate that MIND signifi-
cantly improves generation quality. As shown in Fig. 1,
the proposed MIND-B-G with only 130M parameters
achieves an FID of 2.06, surpassing LlamaGen with 3B
parameters and DiT-XL/2 with 675M parameters. MIND-
XL with 715M parameters further reduces the FID to
1.84. The proposed one-step generation method achieves
the SOTA FID of 0.9 among discrete image generation
methods. Evaluated on the FDr6 metric, our MIND-XL-
G achieves a score of 4.87, marking a 42.3% reduction
compared to the baseline SiT.

This manuscript presents substantial extensions and im-
provements over our earlier conference version [39]. The key
additions are as follows:

• We theoretically establish that learning the score network
within the formulated hypersphere parameterized space
guarantees a lower metric entropy, providing a solid
mathematical foundation for reducing the complexity of
the score function.

• We accelerate MIND to one-step generation by formu-
lating the first discrete-continuous distillation framework
that optimizes the FD loss via a straight-through estima-
tor, yielding superior frequency-domain fidelity compared
to continuous one-step baselines optimized under the
same objective.

• We extend MIND to text-to-image generation, where
it achieves highly competitive performance using only
1.28M training images and 130M parameters. In addition,
we evaluate our framework on a more comprehensive
metric, FDr6, to rigorously assess generation quality.

B. Organization

The remainder of the paper is organized as follows. Sec-
tion II reviews existing works most related to this work. In
Section III, we introduce the overall architecture of our MIND,
a novel and general image generation method that explicitly
models the data manifold to achieve theoretically lower metric
entropy as shown in Section IV. In Sections V and VI, we
validate the effectiveness of our proposed method on class
and text conditioned image generation, respectively. Finally,
Section VII concludes this paper.
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TABLE I: Summary of variables and their descriptions
Variable Description

k Discrete tokens
c Condition information
t Time step in range [0,1]
I Image sampled from data distribution
pdata Data distribution
Pθ(·) Projection operator
sϕ(·, t) Denoising network
c1, c2 Noise and signal coefficients in the forward diffusion process
w Gaussian noise sampled from N (0, I)
N (Q, ϵ) The covering number of a set Q
logN (Q, ϵ) The metric entropy of Q
Cs(U) Hölder space of functions on s-order differentiable manifold U
Cs
M (U) Cs(U) with bounded functional norm M

V Vocabulary size of the tokenizer
L Dimension of the continuous latent
Kδ A compact domain s.t. xt ∈ Kδ with probability at least 1− δ

C. Notations

We use normal symbols for scalars and bold symbols for
vectors. ∥ · ∥∞ refers to the ℓ∞-norm. Table I summarizes the
frequently-used notations.

II. RELATED WORK

A. Diffusion Models

Diffusion models have beaten GAN and achieved great
success in image generation recently [7], [11]. Start from
image generation in pixel space, such as DDPM [8] and
DDIM [9], latent diffusion models train diffusion models in
latent space with much lower dimension by encoding images
with an autoencoder to get continuous latent and enable high-
resolution generation, the neural backbone is implemented
with a time-dependent UNet in [14] and a transformer in
DiT [17]. A series of works is built on the pioneering work
of DiT. Scalable Interpolant Transformers (SiT) [18] improves
DiT with an interpolant framework. REPresentation Alignment
(REPA) [40] aligns the diffusion model representation with
the pretrained visual representation. REPA-E [41] proposes
end-to-end training of the variational autoencoder (VAE) and
diffusion model based on representation-alignment loss. Rep-
resentation autoencoders [37] propose to replace the VAE in
DiT with the well-developed and pretrained representation
encoders to obtain a semantically rich latent space. Rieman-
nian flow matching with Jacobi regularization [27] proposes
performing diffusion in the feature space of representation
learning and constraining the generative process to manifold
geodesics. Deco [42] proposes to decouple the generation by
generating high-frequency details and low-frequency seman-
tics in pixel and latent spaces, respectively. To improve the
efficiency of diffusion models, several works explore one-step
or few-step generation under the frameworks of consistency
model [38], flow-matching [43]–[45], and distillation [46].

Conditional diffusion models on class labels are crucial to
further improve the generation quality. Class information is
incorporated into adaptive group normalization layers together
with the time step in [11]. Dhariwal et al. [11] proposed to
train a classifier on noisy images and then use the gradient of
the trained classifier to guide the generation model. The widely
used classifier-free guidance [47] is proposed to avoid an extra

classifier, which trains a single network to parameterize both
the unconditional and conditional models and samples with the
linear combination of the conditional and unconditional score
estimations. Rombach et al. [14] proposed flexible conditional
image generation by mapping the embedded class label to
the intermediate layers of UNet with a cross-attention layer.
Karras et al. proposed autoguidance that guides the model with
an inferior version of itself [48] rather than an unconditional
model as in [47], which performs better but needs to train
an additional guiding model. However, the diffusion models
operator in continuous space with infinite states and cannot
incorporate the prior information of the data manifold.

B. Image Generation with Language Models

In parallel with diffusion models, popular language models,
such as autoregressive language models, have been extended
to image generation since the great success of large language
models in natural language generation. Images are first tok-
enized into discrete tokens k using a well-developed visual
tokenizer [49]. The autoregressive language models [28] pre-
dict the next token ki using previous tokens k1,k2, · · · ,ki−1

and conditional information c. The training stage learns the
categorical distribution pθ(ki|ki−1, c) by minimizing the neg-
ative log-likelihood L(θ) = −

∑N
i=1 log pθ(ki|k1,k2, · · · ,

ki−1; c), where θ is the model parameters. The inference stage
generates discrete tokens sequentially based on next-token
prediction. The masked language models [30] learns the dis-
tribution pθ(ki|kj , c) in the training stage, where mask m ∈
{0, 1},mj = 1, ∀j,mi = 0, ∀i. Starts with a fully masked
sequence, the inference stage alternatively samples the whole
sequence with the given non-masked tokens and remasks the
tokens with the lowest probability in decreasing mask ratio.
eMIGM (effective and efficient Masked Image Generation
Models) [31] unifies the masked diffusion models [50], [51]
and masked image generation [30], which systematically ex-
plores the design space of masked image generation models.
More recently, the diffusion language models have combined
the advantages of diffusion models and language generation,
which can be generalized to image generation directly [52],
[53] by tokenizing images into discrete tokens. However, these
language models restrict the whole generation process to a
finite discrete space and limit the generation ability.

Several works try to combine the advantages of diffusion
models and language models. The Riemannian diffusion lan-
guage model [54] proposes a continuous diffusion model for
language modeling and performs the diffusion process on the
hypersphere surface, which is extended to image generation
in the feature space of representation learning [27]. However,
these methods cannot leverage the mature generation tools
in Euclidean space and require complex forward and reverse
diffusion processes. Note that our MIND is fundamentally
different from RDLM [54] and RJF [27]: Motivation: RJF
aids convergence in high-dimensional representation spaces,
whereas we embed a low-dimensional manifold prior. Input
space: RJF is purely continuous; we process both discrete
tokens and continuous latents. Trajectory: RDLM and RJF re-
quire complex, approximated formulations to strictly constrain
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trajectories to the hypersphere, while we allow off-sphere and
exact trajectories, only requiring data points on the surface.

C. Image Tokenization

Image tokenization is the first step for image generation
with autoregressive and masked language models. Images can
be represented as discrete variables at the pixel level, but this
is redundant and has a quadratically increasing computational
cost. Image tokenizers compress images into discrete tokens.
The general pipeline maps the image to a latent feature map
and then quantizes the continuous features as discrete codes. A
representative work is VQ-GAN [32] that constructs a learned
codebook and finds the nearest codebook entry for each spatial
feature vector. VQ-GAN is built on the grounding study
named VQ-VAE [33] and introduces discriminator loss into
the training objective. A series of works have been proposed
to improve the initialization rate and size of the codebook.
VQGAN-LC [34] initializes the codebook entry with the
feature of the pretrained vision encoder, then keeps the static
codebook and optimizes a projector. The Index Backpropa-
gation Quantization (IBQ) updates all codebook embeddings
leveraging a soft one-hot categorical distribution [35]. The
scale-based tokenizer named VAR proposes a multi-scale VQ
autoencoder that quantizes residuals of feature maps recur-
sively [55]. Recently, visual language models have also been
incorporated into image tokenizers to extract semantically rich
features [56]. Above discrete tokenizers relying on learnable
codebooks suffer from constrained codebook capacity due to
the severe computational and memory overhead of nearest-
neighbor lookups. To break this capacity bottleneck, recent
literature has explored lookup-free quantizers, such as finite
scale quantization [57], lookup free quantization [49], and
binary scale quantization [58]. By projecting continuous la-
tent features directly onto hyper-dimensional bounded grids
or binary hypercube vertices, these methods bypass explicit
codebook learning and have higher codebook capacity. A
complementary survey of image tokenizers can be referred
to [36].

III. PROPOSED METHOD

The low-dimensional manifold hypothesis is widely adopted
in the theoretical analysis of image generation with diffusion
models [19], [21]–[25], but has not been explicitly utilized in
modern generative models. In this paper, we leverage image
tokenization as the quantification measurement of image patch
manifold structure and anchor those discrete points onto a
simple and tackleable geometry, as illustrated in Fig. 2.

A. Effectively Parameterizing the Image Manifold Geometry

Mapping images or their continuous latent representations
onto a compact topological manifold presents a fundamental
challenge, as capturing diverse visual information requires
highly complex features. Furthermore, facilitating an effective
generation process necessitates that real data samples densely
populate the parameterization space. This strict high-density
requirement severely exacerbates the difficulty of the learning
objective.

To mitigate these challenges, we employ discrete tokeniza-
tion to quantize the manifold structure, an approach that
significantly reduces the reparameterization burden associated
with continuous latent spaces. To validate this advantage, we
empirically contrast two distinct methodologies: a continuous
projection that maps patchified VAE latents directly onto
an L-dimensional hypersphere (where the exceptionally low
dimensionality enforces a high-density space), and a discrete
approach that projects VQ token indices into the identical
manifold.

For a rigorous and fair comparison, both methods are re-
stricted to linear/MLP layers with the same parameter level and
trained on the same randomly selected image, with carefully
controlled optimization and architectural conditions (detailed
in the Supplementary material). By decoding the reconstructed
bottleneck features back into the RGB domain, we measure the
Learned Perceptual Image Patch Similarity (LPIPS) [59], as
illustrated in Fig. 3. We experiment with our actual operating
range in this paper, our results indicate that the continuous
latent formulation suffers from representation collapse due to
its heavy reliance on feature magnitude to encode structural
information. In contrast, the discrete token path encodes infor-
mation categorically and relies entirely on angular separation.
This grants it an innate robustness against the magnitude-
destructive bottleneck, consistently yielding significantly lower
perceptual distortion and demonstrating the inherent superior-
ity of discrete tokens for manifold parameterization.

B. Diffusion with Explicit Modeling of Data Manifold

1) Formulation of Diffusion Process: Given an image I ∈
RC×H×W sampled from data distribution pdata, it is tokenized
as discrete token k ∈ RN using a tokenizer with vocabulary
size V . The token k ∈ RN is then mapped to the continuous
latent feature by a projection operator Pθ(·) parameterized
by θ to get a continuous representation of dimension L x0 ∈
RN×L on the hypersphere surface satisfying

∑L−1
l=0 x2

0(n, l) =
R2 for all n = 0, · · · , N − 1.

The forward and reverse diffusion processes are performed
based on the hypersphere surface with radius R. The forward
diffusion process starts from the continuous representation
x0 ∈ RN×L and perturbs it to get noisy latent,

xt = c1
√
t ·w + c2

√
1− t · x0, (1)

where w ∼ N (0, I), t ∈ [0, 1], and the end of the for-
ward diffusion process is the Gaussian noise x1 = c1w.
The reverse diffusion process starts from sampled Gaussian
noise x1 ∼ N (0, c21I). The network sϕ(xt, t, c) takes the
noisy latent xt as input and predicts the denoised logits
x̃0t = sϕ(xt, t, c) ∈ RN×V , where c denotes an optional
conditioning signal (e.g., a class label or text prompt). The
denoised latent ẋ0t is predicted by sampling discrete tokens
from x̃0t and then mapping the discrete tokens to continuous
latent.

2) Training Pipeline: During the training stage, to maintain
the differentiability of the discrete token sampling process
while ensuring the output strictly resides on the target hy-
persphere manifold, we introduce a soft sampling mechanism.
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differentiable distillation via a straight-through estimator (STE).
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Let x̃0t(n) ∈ RV denote the predicted logits of the n-th token
over the vocabulary of size V . We first extract the set of
indices corresponding to the top-k logit values, denoted as Ik.
The normalized soft weights αi are computed via the softmax

function over these selected elements:

αi = exp(xi)/
∑
j∈Ik

exp(xj), ∀i ∈ Ik, (2)

where xi is the i-th element of x̃0t(n). Subsequently, we ag-
gregate the corresponding continuous latent using the weights
αi. Since the convex combination of points on a hypersphere
falls into the interior of the sphere, we explicitly project
the aggregated feature onto the hypersphere surface via ℓ2-
normalization:

ẋ0t(n) =

∑
i∈Ik

αiPθ(i)∥∥∑
i∈Ik

αiPθ(i)
∥∥
2

, (3)

where ẋ0t ∈ RN×L is the denoised continuous latent at
timestep t, seamlessly bridging the discrete token space and
the continuous diffusion manifold.

Based on the diffusion process formulated with the explic-
itly modeled hypersphere manifold prior, the neural network
sϕ is optimized by minimizing the cross-entropy (CE) loss
between denoised logits x̃0t and the discrete tokens k and the
mean squared error (MSE) loss between x0 and the denoised
latent ẋ0t:

L(sϕ,Pθ) = Ek∼pdata,t∈[0,1]{CE(x̃0t,k)+λ·MSE(ẋ0t,x0)},
(4)

where x̃0t = sϕ(xt, t, c), xt = c1
√
t · w + c2

√
1− t · x0,

x0 = Pθ(k), λ controls the strength of MSE loss. To
support Classifier-Free Guidance (CFG) during inference, the
condition c is randomly replaced with a null condition ∅ with
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Algorithm 1 Training Process of MIND

Input: Dataset pdata, pre-trained Tokenizer, initialized net-
works sϕ and Pθ, noise schedules c1, c2, timestep range
[tmin, tmax], condition c.

Output: Trained networks sϕ and Pθ.
1: repeat
2: Sample image I ∼ pdata;
3: Extract discrete tokens: k = Tokenizer(I);
4: Project to hypersphere manifold: x0 = Pθ(k);
5: Sample timestep t ∼ U [tmin, tmax] and Gaussian noise

w ∼ N (0, I);
6: Compute noisy latent: xt = c1

√
t ·w+ c2

√
1− t ·x0;

7: Predict unnormalized logits: x̃0t = sϕ(xt, t, c);
8: Obtain denoised latent ẋ0t via soft sampling over x̃0t;
9: Compute L(sϕ,Pθ)=CE(x̃0t,k)+λ ·MSE(ẋ0t,x0);

10: Take gradient descent step on ∇θ,ϕL and update θ,ϕ;
11: until network converges

Algorithm 2 Inference Process of MIND

Input: Trained networks sϕ,Pθ, parameters c1, c2, variance
coefficient η ∈ [0,1], thresholds ρ1,ρ2, CFG scale cfg,
condition c, sampling timestep schedule.

Output: Generated image DeTokenizer(k̂0).
1: Sample initial noise: x1 ∼ N (0, c21I);
2: for t = 1 to 0 do
3: if cfg = 1 then
4: Predict logits: x̃0t = sϕ(xt, t, c);
5: else
6: Predict unconditional logits: x̃0t = sϕ(xt, t, ∅)
7: Predict conditional logits: x̃c

0t = sϕ(xt, t, c);
8: x̃0t = x̃0t + cfg ∗ (x̃c

0t − x̃0t)
9: end if

10: if t > ρ1 then
11: ẋ0t ← Soft sampling via Eq. (3);
12: else
13: Sample k̂t = S(x̃0t) with Algorithm 3;
14: Project back to hypersphere manifold: ẋ0t = Pθ(k̂t);
15: end if
16: Estimate noise wϕ(xt, t) =

xt−c2
√
1−t·ẋ0t

c1
√
t

;
17: Sample stochastic noise w ∼ N (0, I);
18: Compute latent for the next timestep via Eq. (5).
19: end for
20: Return DeTokenizer(k̂0).

probability puncond during training. Algorithm 1 demonstrates
the training pipeline of the proposed method.

3) Inference Pipeline: During the inference stage, the de-
noised logits are sampled to obtain the denoised latent ẋ0t =
Pθ(S(x̃0t)). To ensure that the generated token sequences
remain in the high-probability manifold of the codebook space
while preserving diversity in the early stage of the generation,
we propose a parameterized multi-stage transition sampling
strategy with thresholds ρ1 and ρ2. In the initial phase (t >
ρ1), the operator P(S(·)) inherits the soft sampling mechanism
from the training stage in Eq. (3). During the middle phase
(ρ2 < t ≤ ρ1), the operator S(·) is implemented by an

Algorithm 3 Multi-Stage Transition Sampling Operator S(·)
1: Input: Logits x̃0t, t∈ [0, 1], thresholds ρ1, ρ2, params p, k,

base temperature τ , use entropy∈{True,False}.
2: Output: Sampled token k̂t.
3: if ρ2 < t ≤ ρ1 then
4: p←Softmax(x̃0t);
5: if use entropy then
6: {Entropy-Driven Adaptive Temperature}
7: H←−

∑
p logp;

8: τadj ← τ · (2.5 · e−H/3 + 0.6);
9: else

10: {Standard Base Temperature}
11: τadj ← τ ;
12: end if
13: V ← TopK(x̃0t/τadj , k) ∩Nucleus(p, p);
14: k̂t ∼ Multinomial (Softmax(x̃0t/τadj |V));
15: else if t ≤ ρ2 then
16: Greedy sampling: k̂t ← argmax(x̃0t);
17: end if
18: return k̂t.

entropy-aware discrete hybrid-filtering scheme. For the given
distribution p = Softmax(x̃0t), we compute the Shannon
entropy H . The sampling temperature is scaled adaptively:
τadj = τ · (2.5e−H/3 + 0.6) following [60], forcing the
model to perform confident sampling when the predictive
entropy is high. The entropy-driven adaptive temperature is
optional in practice. We then apply a hybrid filter combining
Top-k and Nucleus (Top-p) constraints, drawing the discrete
token from the renormalized distribution. In the terminal phase
(t ≤ ρ2), the operator S(·) collapses to greedy sampling to
eliminate stochasticity and ensure maximal local consistency.
The detailed sampling scheme is summarized in Algorithm 3.
The denoised latent ẋ0t ∈ RN×L is perturbed to get the input
of the next timestep,

xt−∆t = c2
√
1− (t−∆t) · ẋ0t+

c1
√
t−∆t · (ηwϕ(xt, t) + (1− η)w), (5)

where wϕ(xt, t) = (xt − c2
√
1− t · ẋ0t)/(c1

√
t), η ∈ [0, 1].

Algorithm 2 demonstrates the inference pipeline of the pro-
posed method.

4) Network Architecture: The projector operator Pθ ex-
tracts the continuous latent x0 ∈ RN×L via an embedding
layer, where each L-dimensional vector is factored into dsub-
dimensional hyperspherical subspaces through sub-vector nor-
malization. The geometrically constrained x0 is then perturbed
to yield the noisy latent xt. The denoising network sϕ
is implemented based on the DiT. Before feeding into the
DiT backbone, the continuous latent is processed through
two branches named the base high-frequency mapper and
the residual sinusoidal projection module. The high-frequency
mapper maps the input xt using a learnable projection matrix
B ∈ RL×dmap , which is initialized from a Gaussian distribu-
tion N (0, σ2) with a large variance to amplify high-frequency
signals. The projected features are then transformed by sine
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and cosine functions,

f base = [sin(2πxtB), cos(2πxtB)] . (6)

The concatenated features f base ∈ R2dmap are subsequently
passed through a shallow Multi-Layer Perceptron (MLP) with
Layer Normalization (LN) and GELU activations to yield the
base hidden states hbase ∈ Rdhidden , matching the hidden
dimension of the DiT backbone. The residual sinusoidal
projection module expands the continuous latent xt using a
deterministic sinusoidal positional encoding to get a high-
dimensional vector ffreq , which is passed through an MLP
equipped with LN and SiLU activations. Crucially, to ensure
stable gradient flow and prevent catastrophic divergence at
initialization, the weight matrix of the final linear layer in
this residual MLP is strictly initialized to zero. Finally, the
outputs from both branches are aggregated via a residual
addition hinput = hbase + hres before interacting with
the timestep and class conditions. The backbone network
utilizes the transformer-based diffusion architecture in DiT,
which scales across multiple model capacities. Conditioning
is handled via an adaptive LayerNorm that injects combined
timestep and class label representations into each Transformer
block, while spatial dependencies are modeled using rotary
positional embeddings.

C. One-Step Distillation via Straight-Through Estimator
This section proposes a one-step differentiable distillation

framework for our MIND based on the FD loss [61]. Unlike
iterative sampling, where the model can progressively refine
latent states through stochastic exploration, one-step genera-
tion demands an immediate and deterministic mapping from
the initial prior to the target data distribution. To this end,
we introduce a continuous-to-discrete optimization pipeline
utilizing the straight-through estimator.

Specifically, given an initial state x1, the model executes
a single forward pass incorporating classifier-free guidance.
Let x̃0 ∈ RV denote the predicted token logits. To bridge
the gap between the continuous gradient flow required for
backpropagation and the discrete token selection required
for accurate pixel-level decoding, we perform continuous-to-
discrete optimization directly in the probability space rather
than truncating the embeddings. Given the predicted logits
x̃0 ∈ RV , where V is the vocabulary size, we first compute
the soft probability distribution over the vocabulary

P soft = Softmax(x̃0/τ), (7)

where τ is a scaling temperature. To ensure the spatial decoder
receives the exact hard-quantized tokens (mimicking inference
behavior precisely) while preserving the gradient flow, we
enforce a differentiable argmax via the straight-through es-
timator (STE) applied directly to the one-hot representations,

P ste = OneHot(argmax(x̃0)) + P soft − SG(P soft), (8)

where SG(·) is the stop-gradient operator. The continuous
latent vectors required by the spatial decoder are then ob-
tained by projecting the STE-modified probabilities through
the frozen codebook matrix W codebook of the tokenizer,

zq = P steW codebook. (9)

This formulation allows the perceptual gradients from the
Fréchet Distance (FD) loss [61] to flow backward seamlessly
from the reconstructed pixels, through the codebook mapping
zq , and back to the continuous soft probabilities P soft to
update the backbone weights ϕ. To ensure stable estimation
of the generated data distribution without incurring prohibitive
memory overhead, we adopt the memory-efficient feature
queue proposed in [61]. Specifically, a First-In-First-Out buffer
is maintained to store detached historical features. During each
forward pass, the statistics µgen and Σgen are dynamically
approximated by online accumulating the detached historical
buffer with the current synthesized batch. This strategy ensures
continuous gradient flow through the current batch while
leveraging a sufficiently large sample size for stable Fréchet
Distance evaluation. Once the differentiable statistics µgen and
Σgen are approximated, the raw Fréchet Distance d2FD against
the reference distribution (µref ,Σref ) is computed as:

d2FD = ∥µref−µgen∥22+Tr
(
Σref +Σgen − 2 (ΣrefΣgen)

1/2
)
,

(10)
where Tr(·) denotes the matrix trace, and ∥ · ∥22 represents
the ℓ2-norm. To prevent numerical instability and gradient
explosion during optimization, the raw distance is dynamically
normalized and clamped via a straight-through estimator:

LFD =
max(0, d2FD)

SG(max(ϵfloor, d2FD)) + ϵnorm
, (11)

where ϵfloor, ϵnorm are small constants to ensure denomina-
tor stability. The complete one-step optimization process is
summarized in Algorithm 4.

Algorithm 4 One-Step Differentiable Distillation with STE

Input: Pretrained base diffusion model sϕ, frozen Pθ, de-
tokenizer D, image feature extractor Φ, reference FD
statistics µref ,Σref , CFG scale cfg, temperature τ , tϵ →
1.

Output: Distilled model parameters ϕ∗

1: while not converged do
2: Sample class labels c and initialize latent x1.
3: x̃0,cond ← sϕ(x0, tϵ, c)
4: x̃0,uncond←sϕ(x0, tϵ, ∅)
5: x̃0← x̃0,uncond + cfg · (x̃0,cond − x̃0,uncond)
6: STE based on (8) and compute zq based on Eq. (9).
7: Differentiable decoder: Igen ← D(zq)
8: Extract perceptual features fgen ← Φ(Igen)
9: Update feature queue and compute µgen,Σgen

10: Compute LFD via Eq. (11).
11: Backpropagate: ϕ← ϕ− η∇ϕLFD.
12: end while

IV. THEORETICAL ANALYSIS

In this section, we theoretically compare the functional
complexities of the proposed MIND and continuous diffusion
models (CDM), specifically isolating the effect of incorporat-
ing explicit data manifold geometry. We prove that the metric
entropy of the posterior mean hypothesis classes in MIND
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scales linearly with the vocabulary size V of the tokenizer
and dimension L of the hypersphere, while that of CDM scales
exponentially with the data dimension. This reveals that the
functional complexity of the proposed MIND is smaller than
that of CDM and MIND can achieve better precision with
the same amount of parameters. Theorems 1 and 2 establish
the metric entropy for tokens at the single and sequence-level,
respectively.

Assumption 1 (Data Prior of CDM): The continuous latent
distribution pcont0 of CDM is supported on a compact smooth
manifoldM⊂ RLc and belongs to the Hölder space CsM1

(M)
for a finite smoothness index s ≤ s0 <∞.

For the data with a single token, Theorem 1 shows that the
metric entropy of the posterior mean for the hypothesis class
in MIND is smaller than CDM.

Theorem 1 (Functional Complexity of the Posterior Mean):
Let ε > 0 be the approximation error bound in the ℓ∞-norm.
Let E[x0 | xt] represent the target posterior mean, denoted
by f∗

dist(xt) and f∗
cont(xt) for MIND and CDM, respectively.

For any δ > 0, with probability at least 1− δ, we have
(1) MIND: Denote Fdisc as the hypothesis class of f∗

dist(xt).
The metric entropy of Fdisc satisfies

logN (Fdisc, ε, ∥ · ∥∞) = O
(
V L log ε−1

)
, (12)

where V is the vocabulary size and L is the dimension of the
continuous latent in MIND.
(2) CDM: Let Fcont be the hypothesis class of f∗

cont(xt),
under Assumption 1, the metric entropy of Fcont is lower-
bounded by

logN (Fcont, ε, ∥ · ∥∞) = Ω
(
(ε)

−Lc/s
)
, (13)

where Lc is the dimension of the continuous latent in CDM.
Proof: Please refer to S3-B of the Supplementary mate-

rial.
Next, we analyze the function complexity with sequence-

level data containing N tokens. Let πn(xt) ∈ RV denote the
routing probability vector for the n-th token.

Assumption 2: For any fixed input sequence xt ∈ Kδ , where
Kδ is a compact domain s.t. xt ∈ Kδ with probability at least
1 − δ, there exists a finite constant Cπ < ∞ such that the
gradients satisfy

V∑
v=1

∥∥∇aj
[πn(xt)]v

∥∥
2
≤ Cπ, (14)

for all n ∈ {1, . . . , N} and j, v ∈ {1, . . . , V }, where aj

represents the j-th vocabulary anchor.
To see why this assumption naturally holds, consider a

representative instantiation where the routing probabilities are
derived from inner-product-based logits:

[πn(xt)]v =
exp(h⊤

nav/τ)∑V
k=1 exp(h

⊤
nak/τ)

, (15)

where hn denotes the network’s hidden state, and τ > 0
is a temperature parameter. Since hidden states hn are typ-
ically bounded by normalization layers (e.g., LayerNorm) and
anchors reside in a compact domain, the composite partial
derivatives with respect to the anchors remain structurally

bounded due to the smoothness of the softmax operator,
thereby precluding gradient explosions.

Theorem 2: Let N denote the sequence length and ε > 0 de-
note the approximation error bound in the ℓ∞-norm. Given the
continuous noisy sequence xt, consider the exact sequence-
level posterior mean operator E[x0 | xt] mapping denoted by
F ∗

disc(xt) and F ∗
cont(xt), respectively. For any δ > 0, with

probability at least 1− δ, we have
(1) MIND. Let F seq

disc be the hypothesis class of the posterior
mean F ∗

disc(xt), where xt ∈ RN×L. Under Assumption 2,
the metric entropy satisfies

logN (F seq
disc, ε, ∥ · ∥∞) = O

(
V (L+N) log ε−1

)
. (16)

(2) CDM. Let F seq
cont be the hypothesis class of the continuous

sequence posterior mean F ∗
cont(xt), where xt ∈ RN×Lc .

Assuming the sequence data prior is globally Cs-smooth and
Assumption 1 holds on, the metric entropy satisfies

logN (F seq
cont, ε, ∥ · ∥∞) = Ω

(
ε−NLc/s

)
. (17)

Proof: Please refer to S3-C of the Supplementary
material.

Remark 1: Theorems 1 and 2 rigorously disentangle the
representational difficulties of the two paradigms. For MIND,
the target posterior mean remains within the finite-dimensional
manifold. Therefore, the metric entropy scales only logarith-
mically with respect to the precision requirement (log ε−1). In
contrast, CDM operates in an unconstrained continuous space
where the optimal posterior mean is defined as an integral
ratio. Since the continuous latents are merely regularized
toward a Gaussian prior, the smoothness index s is naturally
bounded from above. Consequently, its metric entropy suffers
from a severe polynomial explosion (ε−NLc/s). Therefore,
MIND effectively bypasses this high-dimensional bottleneck,
achieving superior representational efficiency and robustness
against stringent precision demands.

V. EXPERIMENTS

A. Experimental Settings

To evaluate our method, we followed the setups of DiT [17]
and SiT [18] to perform experiments on the standard ImageNet
dataset [62]. Each image was processed to the resolution of
256×256 and encoded into discrete token sequences of length
256 using the pre-trained tokenizer Index Backpropagation
Quantization (IBQ) [35] and GigaTok [63] with a vocabulary
size of V . These discrete tokens are mapped to continuous
latent features on the hypersphere surface. The model was
trained within the continuous feature space using the forward
noising formulation in Eq. (1) and the hybrid loss combining
cross-entropy and MSE defined in Eq. (4). To enable classifier-
free guidance during inference, we randomly replaced class
labels with an unconditional token with a probability of
pdrop = 0.1 during training. All models were optimized using
the AdamW optimizer, utilizing chunked gradient checkpoint-
ing to optimize memory consumption. Detailed training hyper-
parameters, including specific learning rates and batch sizes for
each experimental setting, are comprehensively summarized in
Table S-3 of the Supplementary material. During the inference
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TABLE II: Class-conditional image generation without
guidance on Imagenet 256× 256. Bold values indicate the
best performance. “N/A” denotes that the metric was not
reported in the original publication. All models are trained
for 80 epochs.

#Params FID ↓ IS ↑ Precision ↑ Recall ↑

DiT-S/2 [17] 33M 68.40 N/A N/A N/A
SiT-S/2 [18] 33M 57.64 24.78 0.41 0.60
MIND-S(Our) ∼35M 40.72 31.51 0.48 0.61

eMIGM-S [31] 97M 44.47 19.82 0.49 0.57

DiT-B/2 [17] 130M 43.47 N/A N/A N/A
SiT-B/2 [18] 130M 33.02 43.71 0.53 0.63
MIND-B(Our) ∼ 130M 22.73 56.17 0.55 0.58

DiT-L/2 [17] 458M 23.33 N/A N/A N/A

phase, we employed a custom SDE solver in Algorithm 2
with 250 denoising steps to iteratively map Gaussian noise
back to the data manifold. At each timestep t, the backbone
network sϕ processed the continuous latent state to predict
the unnormalized logit distribution over the discrete token
vocabulary. We applied classifier-free guidance with scale cfg
for condition alignment.

B. Performance Evaluation

We report standard generative metrics: Fréchet Inception
Distance (FID), Inception Score (IS), Precision, and Recall
on 50,000 samples that are generated with class-balanced
sampling following [37].
Image Generation without Guidance. We performed a com-
prehensive system-level evaluation comparing our proposed
model against the vanilla DiT baseline. To ensure a fair
comparison under a constrained computational budget, all
models were evaluated after training for 80 epochs on the
ImageNet 256×256 dataset without classifier-free guidance.
Table S-3 of the Supplementary material summarizes the
hyperparameters during inference. As shown in Table II, the
proposed MIND significantly outperforms the vanilla DiT,
demonstrating vastly superior performance. Specifically, at the
small (S) scale, the proposed MIND-S achieves a remarkable
FID of 40.72, yielding a massive absolute improvement of
27.68 over DiT-S/2 (68.40). This trend is further amplified
at the base (B) scale, where the proposed MIND-B reaches
an FID of 22.73, nearly halving the FID of DiT-B/2 (43.47).
Furthermore, compared to more advanced frameworks such
as the flow-based SiT and the discrete diffusion-based model
eMIGM [31], the proposed MIND establishes state-of-the-art
FID while maintaining highly competitive diversity. It should
be noted that the proposed method using 130M parameters
even outperforms DiT-L with 458M parameters.
Image Generation with Guidance. Table III presents the
quantitative results for class-conditional image generation with
guidance on ImageNet 256× 256. In the absence of publicly
available 80-epoch performance and checkpoints for DiT, SiT,
and eMIGM, we report results by our training from scratch
following the default hyperparameter configurations specified
in the original works. We sampled with different classifier-
free guidance scale cfg and default hyperparameters in the
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Fig. 4: Visual comparison between our MIND-B and SiT-B/2
with cfg=2.0.

TABLE III: Class-conditional image generation with guid-
ance on ImageNet 256×256. Bold values indicate the best
performance. All models were trained for 80 epochs. Our
method achieves a superior FID of 7.97, outperforming the
baseline DiT (10.95) and flow-based SiT (9.07).

#Params cfg FID ↓ IS ↑ Precision ↑ Recall ↑

DiT-S/2 [17] 33M 1.5 44.42 34.57 0.47 0.56
SiT-S/2 [18] 33M 1.5 35.62 43.00 0.52 0.56
MIND-S(Our) ∼35M 1.5 22.33 60.32 0.63 0.52
DiT-S/2 [17] 33M 2.0 29.29 55.37 0.57 0.51
SiT-S/2 [18] 33M 2.0 22.96 67.81 0.62 0.51
MIND-S(Our) ∼35M 2.0 14.93 92.65 0.74 0.45

eMIGM-S [31] 97M 1.3 41.18 21.23 0.50 0.56
eMIGM-S [31] 97M 4.0 23.52 30.83 0.61 0.51

DiT-B/2 [17] 130M 1.5 20.01 73.00 0.65 0.56
SiT-B/2 [18] 130M 1.5 16.88 84.26 0.66 0.56
MIND-B(Our) ∼ 130M 1.5 12.15 100.16 0.71 0.51
DiT-B/2 [17] 130M 2.0 10.95 119.12 0.76 0.47
SiT-B/2 [18] 130M 2.0 9.07 137.07 0.77 0.47
MIND-B(Our) ∼ 130M 2.0 7.97 154.20 0.81 0.43

original works. eMIGM was sampled with the recommended
higher cfg since it adopts the time interval guidance strategy
by default. The proposed MIND demonstrates superior gener-
ative performance across different model scales and classifier-
free guidance scales. Under the small-scale setting (∼35M
parameters), the proposed MIND-S significantly outperforms
the baseline models. Specifically, at cfg = 1.5, MIND-S
improves the FID by 22.09 and 13.29 compared with DiT-
S/2 and SiT-S/2, respectively. MIND-S surpasses eMIGM-
S with only one-third of the parameters. Scaling up to the
Base configuration (∼130M parameters), the proposed MIND-
B consistently exhibits strong capabilities. At cfg = 1.5,
MIND-B reaches the best FID of 12.15 and the highest IS
of 100.16. When the guidance scale is increased to 2.0, our
model reduces FID by 2.98 and 1.1 compared with DiT-B/2
and SiT-B/2, respectively.

Fig. 4 illustrates a qualitative comparison between SiT-
B/2 and the proposed MIND-B, using the same class labels
with cfg = 2.0. Our method synthesizes significantly more
realistic images with precise semantic alignment, effectively
avoiding the structural distortions observed in SiT-B/2. These
visual results align with our superior quantitative scores in
FID, IS, and Precision, which demonstrate that prioritizing
sample fidelity and precision over diversity (Recall) yields
more visually compelling and structurally accurate generative
outcomes.
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C. System-level Comparisons with Prior Work

In this section, we present the ultimate performance eval-
uation of our model against existing state-of-the-art methods.
For inference, the classifier-free guidance scale is applied in
a limited interval without entropy-driven adaptive temperature
as proposed in [64]. The training and inference parameters
remain consistent with Table S-3 of the Supplementary mate-
rial, except those summarized in Table S-4. MIND-B-G and
MIND-XL are sampled with NPU-compatible code. We report
five generative metrics: FDr6, FID, IS, Precision, and Recall.
The FDr6, defined as a normalized FD ratio averaged over
6 feature spaces [61] (including Inception-v3, ConvNeXtv2,
DINOv2, MAE, SigLIP2, and CLIP), is reported to reduce
the blind spots of any single representation.

As shown in Table IV, quantitative evaluations on ImageNet
256 × 256 demonstrate the exceptional parameter efficiency
of the proposed method. Our MIND with about 130M pa-
rameters achieves a highly competitive FID of 2.06 (IS:
268.03, Precision: 0.78), successfully outperforming main-
stream baselines that are substantially larger across multi-
ple generative paradigms. Specifically, MIND-B-G surpasses
billion-parameter discrete models like LlamaGen-3B (3.1B,
FID 2.18), RQTran. [65] (3.8B, FID 3.80), IBQ-XXL (2.1B,
FID 2.05) [35], VAR [55] (1.0B, FID2.09).

Furthermore, our method maintains a distinct advantage
over continuous architectures. Specifically, compared with its
baseline DiT-XL/2 [17], MIND improves the generation ability
from FID=2.27 to 1.84. The proposed MIND-XL-G outper-
forms the 2B-parameter SimDiff [66] and SiT-XL/2 [18].
Compared with recent masked generative models that rely
on continuous tokens, such as MAR-B [67], the proposed
MIND-XL-G reduces the FDr6 from 5.61 to 4.59. Without
relying on FD-loss post-training, the proposed MIND achieves
superior FDr6 among existing baselines. Ultimately, our ap-
proach challenges the conventional reliance on massive pa-
rameter scaling, demonstrating that a compact ∼130M model
can effectively match or exceed the performance of state-of-
the-art architectures ranging from 300M to 3B parameters.
Fig. 5 provides some visual results from our MIND-B-G. Note
that, as a foundational framework, MIND is fully compatible
with advanced orthogonal enhancements (e.g., codebook scal-
ing [57], token generation ordering [68], and variable-length
coding [69]). These techniques can be seamlessly integrated
into our backbone to further elevate empirical performance in
future exploration.

D. Evaluating One-Step Image Generation

We evaluate the one-step generation capability of the
proposed differentiable distillation equipped with a straight-
through estimator. To preclude metric-specific overfitting to
FDr6 and ensure the impartiality of empirical evaluations,
feature extraction across all one-step generation frameworks
is restricted strictly to the standard Inception network during
the optimization of the FD loss. Starting from the pretrained
MIND-B-G model, we fine-tune the network for 35 epochs
with a batch size of 64 and cfg = 3.0. Scaling up, the

pretrained MIND-XL-G model is fine-tuned for 50 epochs
with a batch size of 256 and cfg = 1.5.

Within the multi-step to one-step distillation track, the
proposed MIND framework establishes new state-of-the-art
results. MIND-B-G achieves an FDr6 of 7.58 and an FID
of 0.9034 using merely 130M parameters, already surpass-
ing the much larger JiT-H (953M, FDr6 of 10.18). When
scaled to MIND-XL-G, our model achieves an FDr6 of 6.77,
representing a 33.5% reduction in overall FDr6 compared
to JiT-H with 25% fewer parameters. Compared with one-
step to one-step distillation frameworks (e.g., iMF-XL and
pMF-H), our distilled one-step models achieve comparable
performance. However, our original MIND-XL-G achieves an
FDr6 of 4.56, substantially outperforming all original one-step
baselines (e.g., pMF-H at 6.87). This demonstrates that MIND
not only compresses into a competitive one-step generator,
but also provides a superior performance ceiling when higher
visual quality is prioritized. Fig. 6 shows some visual results
from the one-step MIND-XL-G.

To further validate the structural advantages of extending
FD loss to the discrete generative paradigm, we evaluate the
frequency-domain fidelity of various one-step distilled models
via 1D radial power spectrum analysis. Specifically, generated
images are first converted to grayscale luminance Y using the
standard formulation Y = 0.2126R + 0.7152G + 0.0722B.
After removing the spatial mean, we apply a 2D Fast Fourier
Transform (FFT) and compute the squared magnitude. To ob-
tain an isotropic energy profile, the 2D spectrum is azimuthally
averaged into discrete radial frequency bins r ∈ [1, 128]. Spec-
tral distortion is rigorously quantified by the log-scale Root
Mean Square Error (dB-RMSE) over 50K generated samples
per method, referenced against the ImageNet validation set.
As illustrated in Fig. 7, prior continuous baselines suffer from
inherent frequency decay: JiT-H and pMF-H exhibit noticeable
energy attenuation in the high-frequency regime, while iMF-
XL deteriorates in the middle-frequency band. In contrast, by
successfully integrating FD loss with explicitly modeled dis-
crete manifolds, our MIND-XL-G rigorously preserves spec-
tral integrity across all frequency bands. It strictly aligns with
the reference distribution and achieves a substantially lower
dB-RMSE, demonstrating that ultra-fast one-step generation
and pristine frequency-domain fidelity can be simultaneously
achieved in the proposed framework.

E. Ablation Study

1) Hypersphere justification and ablation: The hypersphere
constraint controls the magnitude of data components, which
is essential to regulate the smooth signal-to-noise ratio vari-
ations. We train MIND-B with 32 epochs and sample 50K
images without guidance using the same parameters (linear
timestep schedule, τ = 0.99, Top-k=100, Top-p=0.8, η=0.99,
ρ1=0.9, ρ2=0.1, sampling steps=250, without entropy). As
listed in Table VI, (B) without the ℓ2-norm, the training loss
fails to converge due to severe norm shrinkage (the average
norm of the continuous latents ∥Pθ∥2 drops to 0.04). (C) Re-
initializing of Pθ to force convergence drops loss to near zero
but collapses generative performance (FID 194.61), as the
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TABLE IV: Quantitative comparison of image generation models on ImageNet 256 × 256. Models are categorized by their
generation paradigm and sorted by parameter size ascendingly within each group. With only ∼130M parameters, our method
achieves performance exceeding discrete models with billions of parameters and continuous models with hundreds of millions
of parameters. Models with the suffix “-re” used rejection sampling, ∗: taken from VAR [55], -G: GigaTok, ∗∗: models with
semantic distillation.

Method Family #Params FDr6 FID ↓ IS ↑ Prec. ↑ Rec. ↑

Continuous Models

BigGAN [70] GAN 112M N/A 6.95 224.5 0.89 0.38
GigaGAN [63] GAN 569M N/A 3.45 225.5 0.84 0.61
StyleGan-XL [71] GAN 166M N/A 2.30 265.1 0.78 0.53

ADM-G [11] Diff. 554M N/A 4.59 186.70 0.82 0.52
ADM-G, ADM-U [11] Diff. 554M N/A 3.94 215.84 0.83 0.53
LDM-4-G [14] Diff. 400M N/A 3.60 247.7 0.87 0.48
DiT-L/2∗ [17] Diff. 458M N/A 5.02 167.2 0.75 0.57
DiT-XL/2 [17] Diff. 675M N/A 2.27 278.2 0.83 0.57
SimDiff [66] Diff. 2B N/A 2.77 211.8 N/A N/A
SiT-XL/2 [18] Diff. 675M 8.44 2.06 270.3 0.82 0.59

eMIGM-XS [31] Masked 69M N/A 3.62 224.91 0.80 0.51
eMIGM-S [31] Masked 97M N/A 2.87 254.48 0.80 0.54
eMIGM-B [31] Masked 208M N/A 2.32 278.97 0.81 0.57
eMIGM-L [31] Masked 478M N/A 1.72 304.16 0.80 0.60
eMIGM-H [31] Masked 942M N/A 1.57 305.99 0.80 0.63

MAR-B [67] MAR 208M N/A 2.31 281.7 0.82 0.57
MAR-L [67] MAR 479M 6.68 1.78 296.0 0.81 0.60
MAR-H [67] MAR 943M 5.61 1.55 303.7 0.81 0.62

RJF [27] Diff. 131M N/A 3.37 180.26 0.80 0.56
RJF [27] Diff. 677M N/A 2.81 201.22 0.82 0.56

REPA∗∗ [40] Diff. 675M N/A 1.29 306.3 0.79 0.64
REPA-E∗∗ [41] Diff. 675M 3.04 1.12 302.9 0.79 0.66
DDT∗∗ [72] Diff. 675M 3.04 1.26 310.6 0.79 0.65
RAE∗∗ [37] Diff. 839M 3.26 1.13 262.6 0.78 0.67

PixelFlow [73] Flow 677M N/A 1.98 282.1 0.81 0.60
MeanFlow-XL/2 [43] Flow 676M N/A 2.20 N/A N/A N/A
IMF-XL/2 (1NFE) [44] Flow 610M 8.39 1.72 N/A N/A N/A
IMF-XL/2 (2NFE) [44] Flow 610M 7.48 1.54 N/A N/A N/A
JiT-L [74] Flow 459M 10.73 2.59 288.5 0.79 0.59
JiT-H [74] Flow 953M 7.66 1.97 296.0 0.78 0.63

Discrete Models

VQGAN [32] AR 1.4B N/A 15.78 74.3 N/A N/A
VQGAN-re [32] AR 1.4B N/A 5.20 280.3 N/A N/A
ViTVQ [75] AR 1.7B N/A 4.17 175.1 N/A N/A
ViTVQ-re [75] AR 1.7B N/A 3.04 227.4 N/A N/A
RQTran. [65] AR 3.8B N/A 7.55 134.0 N/A N/A
RQTran.-re [65] AR 3.8B N/A 3.80 323.7 N/A N/A
LlamaGen-B [28] AR 111M N/A 5.46 193.61 0.83 0.45
LlamaGen-L [28] AR 343M N/A 3.07 256.06 0.83 0.52
LlamaGen-XL [28] AR 775M N/A 2.62 244.08 0.80 0.57
LlamaGen-XXL [28] AR 1.4B N/A 2.34 253.90 0.80 0.59
LlamaGen-3B [28] AR 3.1B N/A 2.18 263.33 0.81 0.58

VAR-d16 [55] VAR 310M N/A 3.30 274.4 0.84 0.51
VAR-d20 [55] VAR 600M N/A 2.57 302.6 0.83 0.56
VAR-d24 [55] VAR 1.0B N/A 2.09 312.9 0.82 0.59
VAR-d30 [55] VAR 2.0B 6.70 1.92 323.1 0.82 0.59

IBQ-B [35] AR 342M N/A 2.88 254.73 0.84 0.51
IBQ-L [35] AR 649M N/A 2.45 267.48 0.83 0.52
IBQ-XL [35] AR 1.1B N/A 2.14 278.99 0.83 0.56
IBQ-XXL [35] AR 2.1B N/A 2.05 286.73 0.83 0.57

MaskGIT [30] Masked 227M N/A 6.18 182.1 0.80 0.51
MaskGIT-re [30] Masked 227M N/A 4.02 355.6 N/A N/A

MIND-B(Ours) Diff.+Dis. ∼130M 10.31 2.18 258.46 0.80 0.58
MIND-B-G(Ours) Diff.+Dis. ∼130M 6.84 2.06 268.03 0.78 0.62
MIND-XL(Ours) Diff.+Dis. ∼715M 7.31 1.97 297.93 0.78 0.61
MIND-XL-G(Ours) Diff.+Dis. ∼715M 4.56 1.83 317.50 0.78 0.65
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Fig. 5: Examples of visual results from MIND-B-G (the first and third rows) and MIND-XL-G (the second and fourth rows).

TABLE V: Quantitative comparison of one-step image generation models by distilling multi-step models with FD loss on
ImageNet 256× 256. We report per-representation FDr after distilling the model with the Inception network.

Method Family #Params FDr6↓ Incep.↓ ConvNeXt↓ DINOv2↓ MAE↓ SigLIP↓ FDr-CLIP↓ FID ↓

Original models

JiT-L [74] Flow 459M 10.73 1.54 3.49 6.10 8.07 19.37 25.82 2.59
JiT-H [74] Flow 953M 7.66 1.18 2.52 4.28 5.65 11.91 20.40 1.97
iMF-XL(1NFE) [44] Flow 610M 8.39 1.09 1.72 7.30 6.09 17.02 17.14 1.82
pMF-L [76] Flow 410M 9.09 1.62 1.36 6.70 9.72 20.34 14.81 2.72
pMF-H [76] Flow 956M 6.87 1.37 1.15 5.43 6.25 15.33 11.68 2.29
MIND-B-G (Ours) Diff.+Dis. ∼130M 6.84 1.22 1.54 5.89 7.12 13.48 11.79 2.06
MIND-XL-G (Ours) Diff.+Dis. ∼710M 4.56 1.09 0.95 3.34 5.13 8.12 8.74 1.83

Distill multi-step models to one-step models with FD loss

JiT-L(-Incep.) [74] Flow 459M 12.86 0.46 2.57 7.34 15.28 26.22 25.29 0.77
JiT-H(-Incep.) [74] Flow 953M 10.18 0.43 1.92 5.39 13.21 20.70 19.44 0.72
MIND-B-G (Ours,1NFE) Diff.+Dis. ∼130M 7.58 0.54 1.34 6.36 6.98 16.59 13.67 0.9034
MIND-XL-G (Ours,1NFE) Diff.+Dis. ∼710M 6.77 0.53 1.19 5.14 6.60 14.24 12.93 0.8985

Distill one-step models to one-step models with FD loss

iMF-XL(-Incep.) [44] Flow 610M 6.01 0.43 1.04 4.54 4.25 12.17 13.64 0.72
pMF-L(-Incep.) [76] Flow 410M 6.19 0.44 0.94 4.60 4.24 14.34 12.55 0.73
pMF-H(-Incep.) [76] Flow 956M 4.86 0.43 0.62 3.58 3.42 10.81 10.27 0.72

network amplifies latent magnitude (∥Pθ∥2 explodes to 9.68)
to trivially overwhelm injected noise. (D) Even increasing the
noise schedule (c1 = 1.0) fails, with a trivial solution of a
larger latent (13.66) for diffusion. Thus, the hypersphere is a
vital structural regularizer that anchors the data scale.

2) Ablation of components in MIND: We experiment with
MIND-B using the same settings as Table VI. As shown
in Table VII, the hypersphere constraint is crucial for valid
generation, with soft top-k and advanced tokenizer offering
further refinement, and the multi-stage sampling strategy is
critical for generation with guidance.

3) Embedding Dimension and Noise Scaling: To systemat-
ically analyze the impact of the continuous embedding space
capacity and the diffusion noise schedule, we conducted a

comprehensive ablation study focusing on the embedding
dimension (L) and the diffusion coefficients (c1 for noise, c2
for signal). We perform experiments on MIND-B with 2K
samples utilizing a fixed cfg=4.0. All models were trained
for 12 epochs.

As shown in Table IX, varying the embedding dimension
explicitly controls the representational bottleneck. A lower di-
mension overly compresses the topological structure, whereas
an excessively high dimension introduces spatial sparsity
and complicates the continuous diffusion matching process.
Concurrently, adjusting the noise scaling factor c1 and signal
scaling factor c2 directly modulates the signal-to-noise ratio
schedule during the forward noising process. Specifically,
setting the noise scale c1 = 0.6 effectively constrains the
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Fig. 6: Examples of visual results from our one-step MIND-XL-G.
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Fig. 7: Frequency-domain fidelity. Mean radial power spectra
of generated and ImageNet validation images. Curves closer to
the reference, and lower dB-RMSE, indicate better frequency-
statistics alignment.

TABLE VI: Hypersphere ablation. ||Pθ||2: the average norm
of the continuous latents.

Method
(A) MIND-B
(Xavier init,
c1 = 0.6)

(B)

no ℓ2

(C)
no ℓ2,

Normal init

(D) no ℓ2,
Normal init
c1=1.0

Train Loss 4.02 9.57 0.007 0.04
||Pθ||2 2.00 0.04 9.68 13.66
FID ↓ 52.10 280.78 194.61 124.40

TABLE VII: Component ablation.
Model Variant FID↓ (cfg=1.0 in default)

(A) MIND-B w/o Hypersphere 280.78
(B) MIND-B w/o Soft top-k 53.03
(C) MIND-B (32 epochs) 52.10

(D) + Longer Training (200 epochs) 19.32
(E) + Advanced Tokenizer (GigaTok) 11.38, 6.42 (cfg=4.0)
(F) + Multi-stage Sampling Strategy 12.00, 2.64 (cfg=4.0)

variance within the bounded ℓ2-normalized embedding space
and significantly reduces the overall FID.

4) Residual Connection: To investigate the impact of the
proposed residual sinusoidal projection module, we conducted
an ablation study across embedding dimensions L ∈ {16, 64}.
We performed experiments on MIND-B with 2K samples
utilizing a fixed cfg=4.0. All models were trained for 12
epochs. As shown in Table X, the residual connection gener-
ally enhances both the fidelity and diversity of the generated

TABLE VIII: Inference latency comparison on a single
NVIDIA-3090 GPU (Batch=1, 256×256).

Method Steps Sampling (s) Decoding (s) Total (s)

DiT-B/2 250 2.10 0.03 2.13
SiT-B/2 250 0.54 0.03 0.57
eMIGM 128 10.49 0.02 10.51

MIND-B 250 3.25 0.03 3.28

TABLE IX: Ablation study on the embedding dimension (L)
and diffusion scaling coefficients (c1, c2).

L dsub c1 (Noise) c2 (Signal) FID ↓ IS ↑ Precision ↑ Recall ↑

8 2 0.6 1.0 125.40 17.21 0.26 0.29
8 2 1.0 1.0 206.19 7.52 0.26 0.28

16 4 0.6 1.0 34.91 119.14 0.81 0.56
32 8 0.6 1.0 38.95 89.63 0.71 0.53

64 16 0.6 1.0 43.03 72.49 0.63 0.51
64 16 0.8 1.0 44.07 67.24 0.59 0.51
128 32 1.0 1.0 52.03 51.35 0.50 0.46

images. At L = 16, the residual pathway reduces the FID from
34.91 to 33.91 and improves the IS from 119.14 to 120.56.
This improvement becomes even more pronounced at a higher
dimension (L = 64), where the model with the residual
connection achieves a substantial FID reduction of 2.46 and
an IS increase of 8.43 compared to the baseline. The Recall
metric consistently improves across all evaluated dimensions
when the residual connection is applied. This consistent gain
indicates that the residual mechanism effectively helps the
model preserve high-frequency details and data distribution
modes.

TABLE X: Ablation study on the effectiveness of residual
connection.

L dsub c1 c2 FID ↓ IS ↑ Precision ↑ Recall ↑

w/o res 16 4 0.6 1.0 34.91 119.14 0.81 0.56
w/ res 16 4 0.6 1.0 33.91 120.56 0.79 0.58

w/o res 64 16 0.6 1.0 43.03 72.49 0.63 0.51
w/ res 64 16 0.6 1.0 40.57 80.92 0.64 0.54

Note that NPU-compatible code was used for the ablations
on hypersphere justification, component analysis, and hyper-
parameter robustness, and GPU-compatible code for others.
More ablation studies about sampling parameters can be
referred to Table S-1 and Table S-2 of the Supplementary
material.
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F. Efficiency and Robustness Analysis

1) Inference efficiency and convergence speed.: We con-
ducted rigorous wall-clock profiling on a single NVIDIA-3090
GPU (Batch=1). The tokenizer in MIND-B does not need
extra training latency using pre-encoded tokens, with decoding
costs on par with VAEs in DiT/SiT architectures. MIND-
B, implemented with CFG intervals like eMIGM, incurs a
sampling cost that matches DiT and is significantly lower than
eMIGM. Moreover, we test the convergence speed using the
experiment settings in Table III, MIND-B exhibits superior
convergence speed as shown in Fig. 8.
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Fig. 8: Convergence speed

2) Hyperparameter robustness: As shown in Fig 9, exten-
sive evaluations of MIND-B-G trained for 200 epochs with 768
sampling settings demonstrate strong hyperparameter robust-
ness. Variations across most parameters (p, k, τ , ρ2, cfg, and
[cmin, cmax]) shift the average FID by ≤ 4.0%. While ρ1 and
η are more sensitive, fixing η = 0.99 and ρ1 = 0.1 consistently
yields excellent results across all our image generation with
guidance. Consequently, adapting MIND to new datasets or
resolutions circumvents the need for brittle hyperparameter
tuning.

VI. EXTENSION TO TEXT-TO-IMAGE GENERATION

In this section, we extend the proposed framework to text-
to-image generation. Note that our primary goal is to validate
the generality of the proposed MIND architecture rather than
competing for state-of-the-art performance. Therefore, we fol-
low [77] to train the 130M scale MIND-B-G on the ImageNet

Fig. 9: Hyperparameter robustness.

dataset using text and image augmentations, circumventing
the need for commercial-scale datasets and computational
resources. To seamlessly integrate complex textual conditions
into the visual generation process, we adopt a dual-track text
injection mechanism including a global semantic modulation
track via adaptive layer normalization (AdaLN) and a local
alignment track via multi-head cross-attention (MHCA).

The text prompt is first encoded by the T5 text encoder [78].
To efficiently handle variable lengths, the resulting embed-
dings are padded or truncated to a fixed maximum sequence
length of 256, accompanied by a binary attention mask to
identify valid tokens. These text embeddings are then projected
into the latent dimension via a multi-layer perceptron. To
enable classifier-free guidance, we randomly drop the text
conditions during training. Subsequently, the projected se-
quence is processed by a Text Refiner—a 2-layer transformer
encoder—to facilitate dense token-to-token interactions, pro-
ducing a refined contextual sequence. For the global semantic
modulation track (Track A), we aggregate this refined se-
quence into a single global vector using masked mean pooling,
which computes the average of all valid token embeddings
based on the attention mask. This global text representation
is then fused with the diffusion timestep embedding to form
a unified conditioning vector that predicts the scale and shift
parameters for AdaLN.

While AdaLN efficiently governs global attributes, it lacks
the spatial granularity required for fine-grained text-to-image
alignment. To address this, our local alignment track (Track
B) introduces a multi-head cross-attention mechanism within
each block. Specifically, the intermediate spatial image tokens
generated during the diffusion process serve as the queries for
the multi-head cross-attention, while the refined text contextual
sequence serves as both the keys and values. The binary text
attention mask is applied during this operation to prevent
image tokens from attending to padding tokens. The output
of the cross-attention is then injected back into the residual
stream, scaled by a learnable gating parameter derived from
the global AdaLN condition. By dual-tracking the textual
information, the spatial image tokens autonomously learn
to query precise local text details through Track B, while
adhering to the overarching artistic style dictated by the global
conditioning in Track A.

The diffusion network is initialized by the weights in class-
to-image generation and trained with a batch size of 1024 for
440 epochs. We access the generation quality of in-distribution
with ImageNet validation set, zero-shot MSCOCO-30K, and
Genval. We report FID with Inception-v3 backbones, Pre-
cision, Recall, Density, Coverage calculated with Dino-v2
features, and CLIP score. As shown in Table XI, the proposed
MIND-B-G with only 133M parameters reduces FID by 1.4
and 33.88 on ImageNet and MS-COCO, respectively. We
further experiment with the Genval benchmark [87]. As shown
in Table XII, we achieve the overall score of 0.61 using only
1.2M training data and 130M scale model, which surpass
DiT-I [77] using the same amount of training data but larger
model and even surpass than billion scale model SDXL [82].
Fig. 10 provides some visual results. Note that our model is
good at generating images with rich text description since it
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TABLE XI: Text-to-image performance on ImagNet validation set and MS-COCO validation set. All models are trained with
text and image augmentations. FID is computed with Inception V3, and others are computed with DINOV2.

Dataset Models #Para. FID Inc.↓ Prec.↑ Rec.↑ Den.↑ Cov.↑ CLIP Score↑

ImageNet val DiT-I 400M 7.30 0.79 0.74 0.88 0.75 N/A
ImageNet val MIND-B-G 133M 5.90 0.78 0.82 0.87 0.74 N/A

MSCOCO DiT-I 400M 49.12 0.65 0.45 0.54 0.30 25.68
MSCOCO MIND-B-G 133M 15.24 0.60 0.55 0.52 0.43 25.73

TABLE XII: Text-to-image performance on Genval benchmark. Images in DiT-I and MIND-B-G are generated under 256×256
resolution.

Models # Para. # Train Data Overall↑ One obj.↑ Two obj.↑ Count.↑ Col.↑ Pos.↑ Col. attr.↑

SDv1.5 [79] 0.9B 5B+ 0.43 0.97 0.38 0.35 0.76 0.04 0.06
PixArt-α [80] 0.6B 25M 0.48 0.98 0.50 0.44 0.80 0.08 0.07
PixArt-Σ [81] 0.6B 35M+ 0.52 0.98 0.59 0.50 0.80 0.10 0.15
SDv2.1 [79] 0.9B 5B+ 0.50 0.98 0.51 0.44 0.85 0.07 0.17
SDXL [82] 3.5B 5B+ 0.55 0.98 0.74 0.39 0.85 0.15 0.23
SD3M [83] 2B 1B+ 0.62 0.98 0.74 0.63 0.67 0.34 0.36

SANA-0.6 [84] 0.6B N/A 0.64 0.99 0.71 0.63 0.91 0.16 0.42
Sana-1.6 [84] 1.6B N/A 0.66 0.99 0.79 0.63 0.88 0.18 0.47

FLUX-dev [85] 12B N/A 0.67 0.99 0.81 0.79 0.74 0.20 0.47
LUMINA-Next [86] 2.0B 20M 0.46 0.92 0.46 0.48 0.70 0.09 0.13

DiT-I (256) [77] 400M 1.2M 0.58 0.95 0.67 0.43 0.80 0.30 0.35

MIND-B-G 133M 1.2M 0.61 0.93 0.63 0.49 0.71 0.39 0.53

is trained with text augmentations. We generate without text
augmentations for MSCOCO-30K for fair comparison with
baselines.

The image features a close-up of a monkey's 

face, showcasing its distinctive features. The 

monkey has a mix of brown and white fur, 

with its eyes wide open, giving it a curious 

appearance. The monkey's face is the main 

subject of the image, and it appears to be 

looking directly at the camera. The 

background is blurred, allowing the viewer to 

focus on the monkey's face.

The image features a vibrant underwater 

scene with a variety of sea creatures. The 

main subject is a starfish, which is 

prominently displayed in the foreground. The 

starfish is surrounded by a diverse array of 

sea plants and other sea creatures, creating a 

lively and colorful environment.\n\nIn the 

background, there are several other starfish 

scattered throughout the scene, adding to the 

overall diversity of the underwater world. 

The combination of the starfish, sea plants, 

and other sea creatures creates a captivating 

and dynamic image.

The image features a white butterfly perched 

on a purple flower, creating a beautiful 

contrast between the butterfly's white wings 

and the vibrant purple petals. The butterfly is 

positioned in the center of the frame, with the 

flower surrounding it. The background 

consists of a few more purple flowers, adding 

to the overall color palette of the scene. The 

combination of the white butterfly and the 

purple flowers creates a visually appealing 

and serene image.

The image features a white and gold dress 

with intricate embroidery and designs. The 

dress is adorned with gold flowers, adding a 

touch of elegance to the overall appearance. 

The dress is laid out on a table, showcasing 

its beauty and craftsmanship. The table itself 

has a checkered pattern, which complements 

the dress's design. The scene is a display of 

the dress's artistry and the attention to detail 

in its creation.

There are bowls filled with food such as 

strawberries and pasta.

A brown and white cat sitting in a bathroom 

sink

View of new, unused home kitchen with 

ample counter space and cabinets.

A pizza sits on a white plate near a tray with 

a salad on it.

A very nice room with beautiful crouch and a 

screen

A brown teddy bear sitting on a wooden table 

next to a red ball.

0000.json

A silver bicycle leans against a brick wall 

outside on a sunny day.

A sleek black surfboard lies flat on a sandy 

beachfront floor.

A lush potted plant occupies most of a sunny 

window sill.

A lone zebra stands solitary on a lush green 

savannah floor.

A slice of toasted cheese sandwich lies 

centered on a paper plate.

A tan leather handbag sits upright on a 

wooden table top.

Fig. 10: Examples of visual results from our MIND-B-G for
text-to-image generation.

VII. CONCLUSION AND DISCUSSION

In this paper, we introduced a novel generative framework
that explicitly models the data manifold by bridging discrete
image tokenization with continuous hyperspherical diffusion,
which theoretically guarantees learning the score network in
a parameterized space having lower metric entropy compared
with traditional continuous diffusion models without an ex-
plicit data manifold. To enable this discrete-continuous hybrid
system, we proposed a differentiable soft top-k aggregation
mechanism for stable training and an entropy-driven hybrid
sampling operator for robust inference. Furthermore, we pro-
pose a one-step distillation framework for our MIND based on
the FD loss. Extensive experiments on ImageNet demonstrate
that our approach significantly outperforms the DiT baseline,
flow-based continuous models, and discrete image generation
models.

It should be noted that we instantiated our method on the
basic DiT architecture to highlight its fundamental superiority,
our significant gains over DiT show its immense potential for
image generation. To evolve MIND into a flexible generative
foundation, we list several critical research frontiers below.

• Scaling to ultra-large codebooks. MIND can be ex-
tended by replacing the standard categorical logits predic-
tion head with a compact bit prediction head, factorizing
each discrete token index into an Vm-bit binary repre-
sentation (V = 2Vm ) and explicitly modeling inter-bit
correlations to preserve structural semantic relationships.
Projecting these correlation-aware, high-capacity bit rep-
resentations onto the continuous hyperspherical mani-
fold enables MIND to achieve near-lossless discretization
while maintaining lightweight memory consumption and
linear scaling efficiency during generation.

• End-to-end co-evolution of discrete and continuous
representations. The proposed MIND can be extended
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to enable the joint optimization of discrete tokenizer and
continuous diffusion models. Using differentiable quanti-
zation techniques allows continuous vector-field gradients
to flow directly into discrete codebook centroids, thereby
enabling dynamic representation co-evolution.

• Extension to flow models. MIND models the continuous
generative process in parameterized space using standard
diffusion paradigms, which can be extended to modern
flow-based generative paradigms. By inherently lever-
aging optimal transport principles, flow-based modeling
constructs straight, minimal-length velocity fields on the
manifold.

• Unified multimodal generation. MIND naturally scales
across a broad spectrum of complex domains, including
text and code generation, video generation, 3D point
cloud generation. These scenarios are inherently suitable
for MIND because real-world physical and perceptual
signals naturally possess a low-dimensional manifold.
Crucially, this hybrid representation provides a principled
foundation for unified multimodal generation. Discrete
tokenization serves as a universal, modal-agnostic se-
mantic bridge that compresses disparate heterogeneous
inputs (text, audio, discrete visual priors) into a shared
symbolic representation space. Concurrently, continuous
manifold diffusion acts as a high-capacity geometric
decoder, modeling fine-grained, domain-specific contin-
uous variations within target manifolds. Explicitly co-
modeling discrete semantics and continuous geometric
latents establishes a versatile pipeline for next-generation,
cross-modal foundation models.

We believe MIND introduces a general framework and fresh
perspective on image generation, paving the way for future
research and innovation in this community.
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S1. ABLATION STUDY ON SAMPLING PARAMETERS

Table S-1 reports the performance of different sampling pa-
rameters by generating 2K and 50K images without classifier-
free guidance. We perform inference with MIND-B model
trained for 80 epochs. We fixed ρ1 = 1.0 and investigated the
impact of different sampling schedules, sampling thresholds
(Top-p/Top-k), and ρ2. We find that the Linear schedule gen-
erally achieves superior FID and IS compared to cosine-based
variants. Crucially, Top-p and Top-k are important parameters
for performance. Expanding the active window (e.g., from
Top-100 to Top-200) significantly impacts the FID and IS.
This sensitivity confirms that our model maintains a healthy,
broad utilization of the vocabulary without gradient starvation.
Additionally, the 50K-image evaluation confirms that applying
greedy sampling during the last 10% of the generative steps
(ρ2=0.1) effectively refines the final image details, improving
FID from 26.06 to 25.75.

Next, we generate 50K samples with MIND-S with different
ρ1, which shows that the threshold ρ1 serves as a balance of
FID and recall. Disabling the soft phase (ρ1 = 1.0) yields
optimal standard FID and Inception scores, while enabling
it (ρ1 = 0.7) drastically improves precision and recall by
preserving diversity in early steps. This mechanism empowers
users to flexibly control the trade-off between local sharpness
and spatial coherence. Moreover, as shown in Table S-2, our
ablation studies across different embedding dimensions and
diffusion scaling coefficients demonstrate that incorporating
guidance at the logit level (i.e., the output of the network
sϕ) yields superior generative performance compared to ap-
plying it at the intermediate feature level (i.e., the features
extracted before the final DiT block). Since the “Feature”
level inherently retains all continuous architectural benefits
(including our dual-branch high-frequency embeddings), the
strict superiority of “Logits” guidance confirms that explicitly
modeling the discrete data manifold is the genuine driver of
our performance breakthrough.

S2. EXPERIMENT SETTINGS

A. Training Configurations of MIND

Table S-3 shows the network architecture, training, and
inference configurations of MIND. For inference, we con-
sistently adopt the same 250 sampling steps as continuous
baselines like DiT and SiT to ensure a strictly fair comparison
of generative capability. Table S-4 shows the training config-
urations of MIND for system-level comparison. The diffusion

and noise settings, embedding and vocabulary settings, and
inference parameters of MIND-B(-G) and MIND-XL(-G) keep
the same as MIND-B in Table S-3 without specification. More-
over, MIND-XL-G is first trained for 1,350 epochs following
Table S-4. In the subsequent training phase, the timestep range
is constrained to [0.05, 0.55], with the learning rate set to
5×10−5 for the first 100 epochs and 1×10−5 for the remaining
epochs.

B. Experiment Settings of Section III-A

To ensure a rigorous and fair comparison, we strictly
align the trainable parameters of both projection modules
to approximately 196K. For the continuous projection, we
employ a two-layer MLP with a hidden dimension of 4468 to
map 16-dimensional VAE patch features to the 6-dimensional
latent. The discrete path utilizes an embedding layer and a
linear decoder operating over a vocabulary size of 16384. To
enforce the hypersphere constraint, the 6-dimensional latent
space is partitioned into three coordinate pairs, with ℓ2-
normalization applied independently within each 2D subspace.
The optimization is conducted on a single ImageNet validation
image, we apply random resized cropping (256×256) and
horizontal flipping to generate a batch of 8 augmented views
to prevent trivial memorization. Both models are trained for
1000 iterations using the AdamW optimizer with a learning
rate of 0.01. The continuous projection minimizes the Mean
Squared Error (MSE) against the target VAE latent, while the
discrete projection is supervised via Cross-Entropy loss against
the target token indices.

S3. PROOF OF SECTION IV

A. Preliminary

Definitions 1–2 give the definitions of metric entropy and
Hölder space.

Definition 1 (Metric Entropy [88]): The covering number
N (Q, ϵ) measures the complexity of a set Q. The logarithm of
the covering numbers logN (Q, ϵ) is called the metric entropy
of Q.

Definition 2 (Hölder Space): Define Cs(U) as the Hölder
space of functions on a local manifold patch U ⊆M with s-
order differentiability and bounded functional norm. If this
norm is strictly bounded by a constant M , we denote the
corresponding subset as CsM (U).
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TABLE S-1: Ablation study of sampling configurations. All models are evaluated without guidance.
Model Img-num Schedule Top-p Top-k ρ1 ρ2 FID ↓ IS ↑ Prec. ↑ Rec. ↑

MIND-B 2K Linear 0.3 200 1.0 0.1 41.06 54.02 0.538 0.635
MIND-B 2K Linear 0.3 100 1.0 0.1 41.13 54.46 0.546 0.635
MIND-B 2K Linear 0.8 100 1.0 0.1 44.10 46.91 0.502 0.630
MIND-B 2K Linear 0.8 200 1.0 0.1 45.32 46.33 0.504 0.631

MIND-B 2K Shift-Cos 0.3 200 1.0 0.1 43.23 50.67 0.519 0.632
MIND-B 2K Shift-Cos 0.3 100 1.0 0.1 44.55 50.05 0.511 0.624
MIND-B 2K Shift-Cos 0.8 100 1.0 0.1 45.10 47.65 0.478 0.623
MIND-B 2K Shift-Cos 0.8 200 1.0 0.1 45.15 46.59 0.495 0.631
MIND-B 2K Cosine 0.8 100 1.0 0.1 44.51 47.26 0.515 0.633

MIND-B 50K Linear 0.8 100 1.0 0.0 26.06 50.11 0.51 0.59
MIND-B 50K Linear 0.8 100 1.0 0.1 25.75 49.51 0.52 0.60
MIND-B 50K Linear 0.3 200 1.0 0.1 22.73 56.17 0.55 0.58

MIND-S 50K Linear 0.8 100 1.0 0.1 34.76 36.17 0.43 0.58
MIND-S 50K Linear 0.8 100 0.7 0.1 40.72 31.51 0.48 0.61

TABLE S-2: Ablation study on Guidance Space (Logits vs. Feature), embedding dimension (L) and diffusion scaling
coefficients (c1, c2). All models are evaluated on 2,000 generated samples at cfg = 4.0. Bold values indicate the best
performance.

L dsub c1 (Noise) c2 (Signal) Guidance Space FID ↓ IS ↑ Precision ↑ Recall ↑

8 2 0.6 1.0 Logits 125.40 17.21 0.26 0.29
Feature 122.71 18.87 0.26 0.26

8 2 1.0 1.0 Logits 206.19 7.52 0.26 0.28
Feature 233.21 8.30 0.30 0.23

16 4 0.6 1.0 Logits 34.91 119.14 0.81 0.56
Feature 37.62 100.91 0.76 0.51

32 8 0.6 1.0 Logits 38.95 89.63 0.71 0.53
Feature 42.90 70.55 0.66 0.49

64 16 0.6 1.0 Logits 43.03 72.49 0.63 0.51
Feature 48.41 56.79 0.56 0.45

64 16 0.8 1.0 Logits 44.07 67.24 0.59 0.51
Feature 49.89 50.87 0.53 0.45

128 32 1.0 1.0 Logits 52.03 51.35 0.50 0.46
Feature 61.24 37.93 0.42 0.39

Next, we analyze with one token for brevity and will be
extended to the full sequence in Section S3-C. Definitions 3–
5 define the data priors, diffusion process, and loss functions
of MIND and CDM.

Definition 3 (Data prior of MIND): Denote the data mani-
fold of MIND as a discrete codebook supported on a hyper-
sphere of radius R > 0 and dimension L > 0,

A = {a1, . . . ,aV } ⊂ SL−1(R), (S-1)

where SL−1(R) := {x ∈ RL : ∥x∥ = R}. The data prior for
MIND is defined as

pdisc0 (dx0) =

V∑
v=1

ϖvδav (dx0), ϖv > 0,

V∑
v=1

ϖv = 1,

(S-2)
where δav denotes the Dirac measure centered at the anchor
av ∈ SL−1(R). For any Borel measurable set A ⊆ RL, it is
defined as

δav
(A) =

{
1, if av ∈ A

0, if av /∈ A.
(S-3)

Remark 2: For any bounded measurable function f : Rd →
R, we have

∫
Rd f(x0)δav

(dx0) = f(av). Consequently, the
discrete prior pdisc0 (dx0) defines a convex combination of

Dirac measures. The anchor av = Pθ(v) is determined by the
learnable Pθ, which encodes discrete tokens into continuous
latent and plays the same role as the VAE encoder in the
CDM. We analyze with the same setting that the encoders are
pretrained and focus on the learning of the score function.

Definition 4 (Forward Diffusion Process): We adopt a uni-
fied Variance Preserving schedule for t ∈ (0, 1]. Let x0 denote
a generic clean latent (x0 ∈ RL for MIND, or x0 ∈ RLc for
CDM), the forward process is defined as

xt = αtx0 + σtw, (S-4)

where αt := c2
√
1− t, σt := c1

√
t,w ∼ N (0, Im),

c1, c2 > 0 are scheduling constants, and m ∈ {L,Lc}
denotes the respective latent dimension. Let φσ(x) :=
(2πσ2)−m/2 exp(−∥x∥2/2σ2) denote the Gaussian smooth-
ing kernel, yielding the transition density p0t(xt | x0) =
φσt(xt − αtx0).

Definition 5 (Loss Function): CDM optimizes a network
scontϕ : RLc → RLc to minimize

LCDM(scontϕ ) = Ex0,t

[
∥σts

cont
ϕ (xt, t) + (xt − αtx0)∥2

]
.

(S-5)
Let x̃0t = sϕ(xt, t) ∈ RV denote the predicted unnor-
malized logits of MIND. The denoised latent is ẋ0t =
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TABLE S-3: Summary of Training Configurations and Inference Parameters.
Category MIND-B MIND-S

1. Diffusion & Noise Settings
Noise Scale Factor c1 0.6 0.8
Signal Scale Factor c2 1.0 1.0
Training Timestep Range (t) t ∈ [0.05, 0.8] t ∈ [0.05, 0.8]

2. Embedding & Vocabulary
Vocabulary Size V 16,384 8192
Embedding Dimension L 16 8
Embedding Subspace 4 2

3. Network Architecture
Total Parameters(M) 130.48 35.21
Number of Blocks 14 14
Hidden Size 768 384
Attention Heads 12 6
Condition Embedding Dimension 128 128

4. Training & Optimization
Optimizer DeepSpeed AdamW
Base Learning Rate 1.0× 10−3 1.0× 10−3

Batch Size 1024 2048
Training Epochs 80 80

5. Inference
Timestep schedule Linear Linear
Temperature τ 0.99 0.99
Sampling steps 250 250
η 0.99 0.99
(Top-p, Top-k, ρ1, ρ2)(cfg = 1.0) (200, 0.3, 1.0, 0.1) (100, 0.8, 0.7, 0.1)
(Top-p, Top-k, ρ1, ρ2)(cfg = 1.5) (100, 0.8, 0.9, 0.1) (100, 0.8, 0.8, 0.01)
(Top-p, Top-k, ρ1, ρ2)(cfg = 2.0) (100, 0.8, 0.9, 0.1) (300, 0.8, 0.7, 0.1)

TABLE S-4: Training and Inference Parameters in System-level Comparison.

Setting Batch Size Base learning rate Epoch Top-k Top-p cfg (Cmax − Cmin)

MIND-B 2048 3e-4 1000 100 0.8 5.0 0.6 - 0.3
MIND-B-G 1536 3e-4 1700 100 0.8 3.0 0.8 - 0.4
MIND-XL 2048 2e-4 1000 200 0.8 2.5 0.8 - 0.3
MIND-XL-G 2048 2e-4 1500 100 0.8 2.25 0.8 - 0.3

∑V0

j=1 π̂j(xt)aj ∈ RL, where π̂j(xt) =
exp(x̃

(j)
0t )∑V0

i=1 exp(x̃
(i)
0t )

with
0 < V0 ≤ V . Given the ground-truth x0 = av and weight
λ > 0, MIND optimizes

LMIND(sϕ) = Ex0,t[− log π̂v(xt)︸ ︷︷ ︸
LCE

+λ ∥ẋ0t − x0∥2︸ ︷︷ ︸
LMSE

]. (S-6)

Remark 3: The above two loss functions are mathematically
equivalent to learning score function. Specifically, the objec-
tive LCDM explicitly trains a network to fit a scaled score
function, the objective LMIND optimized to reconstruct the
ground-truth signal x0 compels approximation of the score
function. According to the Tweedie’s formula, the posterior
mean and the score function are strictly coupled via a de-
terministic affine transformation. Therefore, in our subsequent
theoretical development, we unify the analysis by bounding the
metric entropy and generalization properties of the hypothesis
class associated with the expected posterior (or equivalently,
the score function) without loss of generality.

Lemma 1 (Tweedie’s Formula [89]): Let p(x0) be the prior
data distribution of the clean data x0, the marginal density of
the noisy latent xt is given by

pt(xt) =

∫
M

φσt
(xt − αtx0)p(x0) dx0, (S-7)

where φσt(x) and αt, σt is defined in Definition 4. Then pt ∈
C∞(Rm) is an infinitely differentiable smooth function, and
we have almost everywhere

∇xt
log pt(xt) =

E[αtx0 | xt]− xt

σ2
t

. (S-8)

B. Proof of Theorem 1

Now, we analyze the function complexity of the score
functions approximated by MIND and CDM.

Lemma 2 (MIND Exact Score): For t ∈ (0, 1], the exact
score function of MIND admits a closed-form representation

∇ log pdisct (xt) = −
xt

σ2
t

+
αt

σ2
t

V∑
v=1

πv(xt)av, (S-9)

where πv(xt) ∝ ϖv exp(−∥xt − αtav∥2/2σ2
t ).

Proof: Given the discrete prior pdisc0 =
∑V

v=1 ϖvδav , the
marginal density of the noisy latent xt ∈ RL is exactly a Gaus-
sian mixture model pdisct (xt) =

∑V
v=1 ϖvφσt

(xt − αtav).
Applying Bayes’ rule, the posterior assignment probability for
the v-th anchor is

πv(xt) := P(x0 = av | xt) =
ϖvφσt

(xt − αtav)∑V
j=1 ϖjφσt(xt − αtaj)

.

(S-10)
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Consequently, the conditional expectation analytically col-
lapses to a convex combination of anchors E[αtx0 | xt] =
αt

∑V
v=1 πv(xt)av . Substituting this into Tweedie’s formula

(S-8) directly yields the closed-form score field.

Lemma 3 proves that the noisy latent of MIND and CDM
is supported on a compact domain with high probability.

Lemma 3 (Compact Domain for MIND and CDM): For any
δ ∈ (0, 1), under both the MIND and CDM, there exists a
high-probability compact domain Kδ ⊂ Rm (m = L for
MIND, m = Lc for CDM) of radius RK such that the noisy
latent satisfies xt ∈ Kδ with probability at least 1− δ.

Proof: The forward diffusion process yields xt = αtx0+
σtw, where w ∼ N (0, Im) and m ∈ {L,Lc}. Let R0 denote
the absolute upper bound of the data prior, where R0 = R
for MIND and R0 = RM for CDM with compact data
manifold having bounded diameter diam(M) ≤ 2RM. Based
on Thm. 2.26 of [90] and the 1-Lipschitz property of the
Euclidean norm function ∥ · ∥2, the standard Gaussian vector
w ∼ N (0, Im) satisfies

P (∥w∥2 − E[∥w∥2] ≥ δ′) ≤ exp(−(δ′)2/2), (S-11)

for any δ′ ≥ 0. By Jensen’s inequality and the concavity
of the square root, the expectation is upper-bounded via
E[∥w∥2] ≤

√
E[∥w∥22] =

√
m, which directly implies

P (∥w∥2 −
√
m ≥ δ′) ≤ exp(−(δ′)2/2). Define δ such that

exp(−(δ′)2/2) = δ, which yields the deviation parameter
δ′ =

√
2 ln(1/δ). Then

P
(
∥w∥2 ≤

√
m+

√
2 ln(1/δ)

)
≥ 1− δ. (S-12)

Let Rδ :=
√
m+

√
2 ln(1/δ). By the triangle inequality, with

probability at least 1 − δ, xt is strictly confined within a
compact Euclidean ball Kδ ⊂ RL of radius RK,

∥xt∥2 ≤ αt∥x0∥2+σt∥w∥2 ≤ αtR0+σtRδ := RK. (S-13)

Lemma 4 proves that the posterior mean of MIND is
Lipschitz with respect to its parameters.

Lemma 4 (Parametric Lipschitz for posterior mean of
MIND): Let the parameters of the MIND posterior mean
operator f∗

dist,ξ(xt) =
∑V

v=1 πv(xt)av be concatenated as
ξ = {av, lnϖv}Vv=1 ∈ Ξ ⊂ RK×L × RK . Then there exists
a finite constant Lmap > 0 such that for any δ ∈ (0, 1) and
σt > 0, with probability at least 1− δ, we have

∥f∗
dist,ξ1

− f∗
dist,ξ2

∥∞ ≤ Lmap · ∥ξ1 − ξ2∥2 ∀ξ1, ξ2 ∈ Ξ.
(S-14)

Proof: We prove the lemma by showing that the paramet-
ric Jacobian matrix Jξf

∗
dist(xt) := ∇ξf

∗
dist(xt) is uniformly

bounded in the operator norm for all xt ∈ Kδ . Note that
f∗
dist,ξ is denoted as f∗

dist for brevity. Recall the exact softmax
responsibility for the k-th anchor from Lemma 2,

πv(xt; ξ) =
exp(ϑv)∑V
i=1 exp(ϑi)

, (S-15)

where ϑv = −∥xt−αtav∥2
2

2σ2
t

+ θv, θv = lnϖv .

Step 1: Jacobian with respect to θj . The partial derivative
of the logit is ∂ϑv

∂θj
= δvj . Using the quotient rule for the

softmax function, the gradient of the assignment probability
is ∂πv

∂θj
= πv(δvj − πj) as derived in Section S3-D. Applying

the product rule to f∗
dist(xt) yields

∂f∗
dist(xt)

∂θj
=

V∑
v=1

avπv(δvj − πj)

= πjaj − πj

V∑
v=1

πvav = πj(aj −m), (S-16)

where m =
∑V

v=1 πvav is the posterior mean. Since πj ∈
[0, 1] and both ∥aj∥2 = R and ∥m∥2 ≤ R, the norm is
strictly bounded by

∥∥∥∂f∗
dist

∂θj

∥∥∥
2
≤ 2R.

Step 2: Jacobian with respect to the anchors aj . We
compute the L× L Jacobian matrix Jaj

f∗
dist(xt). As derived

in Section S3-D,

Jaj
f∗
dist(xt) = πjIL +

V∑
v=1

av

(
∇aj

πv

)⊤
. (S-17)

The gradient of the ϑv with respect to aj is non-zero only
when v = j, given by ∇aj

ϑj =
αt

σ2
t
(xt−αtaj). Consequently,

the gradient of the softmax probability is ∇aj
πv = πv(δvj −

πj)
αt

σ2
t
(xt − αtaj). Substituting this back into the sum yields

a rank-1 update matrix

V∑
v=1

av

(
∇ajπv

)⊤
= πj(aj −m)

αt

σ2
t

(xt − αtaj)
⊤. (S-18)

Thus, the complete Jacobian with respect to the anchor aj is

Jaj
f∗
dist(xt) = πjIL+

αt

σ2
t

πj(aj −m)(xt−αtaj)
⊤. (S-19)

By the triangle inequality, we have

∥Jajf
∗
dist(xt)∥op ≤ πj +

αt

σ2
t

πj∥aj −m∥2∥xt − αtaj∥2.
(S-20)

Given the compact hypersphere constraint, ∥aj −m∥2 ≤ 2R.
Since xt is restricted to the high-probability Euclidean ball Kδ ,
we have ∥xt∥2 ≤ RK. Hence, ∥xt − αtaj∥2 ≤ RK + αtR.
This yields

∥Jaj
f∗
dist(xt)∥op ≤ 1 +

2αtR

σ2
t

(RK + αtR). (S-21)

Step 3: Uniform Spectral Bound and Global Lipschitz
Continuity. We analytically extend the parameter space to
the strictly convex Cartesian product Ξ := {av | ∥av∥2 ≤
R}V × RV . Since the posterior mean m remains a convex
combination within this domain, the supremum bounds from
Steps 1 and 2 hold globally over Ξ×Kδ .

The total parametric Jacobian is the block matrix
Jξf

∗
dist =

[
Ja1

f∗
dist, . . . ,JaV

f∗
dist,

∂f∗
dist

∂θ1
, . . . ,

∂f∗
dist

∂θV

]
. For any
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conformably partitioned unit vector u = (ua1
, . . . , uθV ),

applying the triangle and Cauchy-Schwarz inequalities yields

∥Jξf
∗
distu∥2 ≤

V∑
v=1

∥Javf
∗
dist∥op∥uav

∥2 +
V∑

v=1

∥∥∥∥∂f∗
dist

∂θv

∥∥∥∥
2

|uθv |

≤

(
V∑

v=1

∥Javf
∗
dist∥2op +

V∑
v=1

∥∥∥∥∂f∗
dist

∂θv

∥∥∥∥2
2

)1/2

∥u∥2. (S-22)

Let La = 1 + 2αtR
σ2
t

(RK + αtR) and Lθ = 2R. Taking
the supremum over ∥u∥2 = 1 establishes the uniform spectral
bound

sup
ξ∈Ξ̄,xt∈Kδ

∥Jξf
∗
dist(xt)∥op ≤

√
V (L2

a + L2
θ) := Lmap <∞.

(S-23)
Because the Jacobian operator norm is uniformly bounded

by a finite constant Lmap across the convex domain Ξ, the
mean value theorem directly implies the global Lipschitz
continuity of ξ 7→ f∗

dist with constant Lmap over Kδ .
Lemma 5 (Metric Entropy Bound via Jacobian Operator

Norm): Let Fdisc = {f∗
dist(·; ξ) | ξ ∈ Ξ} be the hypothesis

class parameterized by Ξ ⊂ RD, and let Kδ be the input
domain. Suppose the parametric Jacobian matrix Jξf

∗
dist is

uniformly bounded in the operator norm:

sup
ξ∈Ξ̄,xt∈Kδ

∥Jξf
∗
dist(xt)∥op ≤ Lmap <∞. (S-24)

Then, the functional covering number of Fdisc in the norm
∥ · ∥∞ is bounded by the covering number of the parameter
space Ξ in the norm ∥ · ∥2:

N (Fdisc, ε, ∥ · ∥∞) ≤ N
(
Ξ,

ε

Lmap
, ∥ · ∥2

)
. (S-25)

Proof: Step 1: Point-wise Lipschitz bound via the mean
value theorem. For any fixed input xt ∈ Kδ , consider the
mapping ξ 7→ f∗

dist(xt; ξ). Since the parameter space Ξ is a
convex set, we apply the multivariate mean value theorem for
vector-valued functions. For any two parameters ξ1, ξ2 ∈ Ξ,
there exists a point ξ̃ on the line segment connecting ξ1 and
ξ2 such that the Euclidean distance between the outputs is
bounded by the operator norm of the Jacobian evaluated at ξ̃:

∥f∗
dist(xt; ξ1)−f∗

dist(xt; ξ2)∥2 ≤ ∥Jξ̃f
∗
dist(xt)∥op∥ξ1−ξ2∥2.

(S-26)
By the given uniform bound condition, we have
∥Jξ̃f

∗
dist(xt)∥op ≤ Lmap for all ξ̃ ∈ Ξ and all xt ∈ Kδ .

Thus, the point-wise mapping strictly satisfies:

∥f∗
dist(xt; ξ1)−f∗

dist(xt; ξ2)∥2 ≤ Lmap∥ξ1−ξ2∥2, ∀xt ∈ Kδ.
(S-27)

Step 2: Transition to the functional supremum norm. In
the context of hypothesis classes, the functional distance be-
tween two mappings fξ1

and fξ2
is defined by the supremum

norm over the input domain Kδ:

∥fξ1
− fξ2

∥∞ := sup
xt∈Kδ

∥f∗
dist(xt; ξ1)− f∗

dist(xt; ξ2)∥2.

(S-28)

Taking the supremum over xt ∈ Kδ on both sides of
inequality (S-27), we obtain the global Lipschitz continuity
of the functional mapping:

∥fξ1
− fξ2

∥∞ ≤ Lmap∥ξ1 − ξ2∥2. (S-29)

Step 3: Forward mapping of the covering sets. Let K =
N (Ξ, ε

Lmap
, ∥ · ∥2) denote the minimal covering number of

the parameter space. By definition, there exists a finite set of
parameter centers CΞ = {ξ1, ξ2, . . . , ξK} such that for any
ξ ∈ Ξ, there exists at least one center ξi ∈ CΞ satisfying:

∥ξ − ξi∥2 ≤
ε

Lmap
. (S-30)

We define the corresponding set of functions mapped from
these centers as CF = {fξ1

, fξ2
, . . . , fξK

}. For any function
fξ ∈ Fdisc, we associate it with the center fξi

. Substituting
the Euclidean distance bound into the functional Lipschitz
inequality (S-29) yields:

∥fξ − fξi
∥∞ ≤ Lmap

(
ε

Lmap

)
= ε. (S-31)

This mathematically guarantees that CF constitutes a valid
ε-covering set for the function class Fdisc in the supremum
norm. Since the cardinality of CF is at most K, the minimal
covering number of the hypothesis class is fundamentally
bounded by K:

N (Fdisc, ε, ∥ · ∥∞) ≤ K = N
(
Ξ,

ε

Lmap
, ∥ · ∥2

)
. (S-32)

This completes the proof.
Based on the above lemmas, we prove Theorem 1.

Proof: (1) MIND. Let ξ denote the concatenated pa-
rameter vector dictating f∗

disc consist of the V latent anchors
and the V routing logits, residing in a finite-dimensional
parameter space Ξ ⊂ RD with D = V × L + V . Since
the individual discrete anchors are strictly constrained to a
hypersphere of radius R and the logits are norm-bounded
by network regularization, the entire parameter space Ξ is
compact and contained within a high-dimensional Euclidean
ball BD

2 (RΞ).
Based on Cor. 4.2.13 of [88], the metric entropy of

this Euclidean parameter space is logN (Ξ, δ′′, ∥ · ∥2) ≤
D log

(
1 + 2RΞ

δ′′

)
. According to Lemma 4, the functional

mapping ξ 7→ f∗
disc is globally Lipschitz continuous with

constant Lmap > 0. Consequently, the hypothesis class Fdisc

is a Lipschitz image of the compact parameter space Ξ.
Thus, its complexity is rigorously bounded by that of the
scaled parameter space LmapΞ. Based on Lemma 5 and
the scaling property of covering numbers in normed spaces
N (c · K, ε, ∥ · ∥) = N (K, ε/c, ∥ · ∥) for any scalar c > 0, we
can get the functional metric entropy in the parameter space,

N (Fdisc, ε, ∥·∥∞) ≤ N (Lmap·Ξ, ε, ∥·∥2) = N
(
Ξ,

ε

Lmap
, ∥ · ∥2

)
.

(S-33)
Substituting δ′′ = ε/Lmap, the metric entropy is strictly
bounded by D log (1 + 2RΞLmap/ε). Since parameters RΞ

and Lmap are constant scalings, the asymptotic functional
complexity is O(V L log(

√
V ε−1)).
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(2) CDM. We first prove that the posterior mean belongs to
the Hölder space. By Bayes’ theorem, the exact posterior mean
operator can be formulated as E[x0 | xt] = F t(xt)/pt(xt),
where the marginal density pt and the numerator F t are
respectively given by

pt(xt) =

∫
M

pcont0 (x0)φσt
(xt − αtx0)dx0,

F t(xt) =

∫
M

x0p
cont
0 (x0)φσt

(xt − αtx0)dx0. (S-34)

Assume the data prior satisfies pcont0 ∈ CsM1
(M). Applying a

change of variables y = αtx0. The marginal density can then
be rewritten as a standard convolution

pt(xt) =
1

αLc
t

∫
αtM

pcont0 (y/αt)φσt(xt − y)dy

=
1

αLc
t

(p̃0 ∗ φσt) (xt), (S-35)

where p̃0(y) := pcont0 (y/αt) is the rescaled prior density
supported on αtM (with p̃0(y) = 0 for y /∈ αtM), and
∗ denotes the convolution operator defined as (f ∗ g)(x) :=∫
f(y)g(x − y)dy. Based on the differentiation property of

convolutions, ∇k(f ∗ g) = (∇kf) ∗ g, we can apply the k-th
order spatial derivative ∇k

xt
(for any k ≤ s) exclusively to p̃0,

∇k
xt
pt(xt) =

1

αLc
t

(
∇k

y p̃0 ∗ φσt

)
(xt), (S-36)

where applying the chain rule to p̃0(y) = pcont0 (y/αt) yields
∇k

y p̃0(y) =
1
αk

t
(∇kpcont0 )(y/αt). Substituting this functional

evaluation back yields

∇k
xt
pt(xt) =

1

αLc
t

∫
αtM

1

αk
t

(∇kpcont0 )(y/αt)φσt
(xt − y)dy.

(S-37)
Finally, reverting the change of variables via y = αtx0 (which
restores the differential dy = αLc

t dx0 and perfectly cancels
the 1/αLc

t Jacobian compensation factor), we obtain the exact
derivative transfer:

∇k
xt
pt(xt) =

1

αk
t

∫
M
(∇kpcont0 )(x0)φσt(xt − αtx0)dx0.

(S-38)
Taking the ℓ∞-norm over the high-probability ambient do-
main Kδ and applying Young’s convolution inequality with
∥φσt
∥L1 = 1, we have

∥∇k
xt
pt∥ℓ∞(Kδ) ≤

1

αk
t

∥∇kpcont0 ∥ℓ∞(M)∥φσt
∥L1 ≤ M1

αk
t

.

(S-39)
Thus, pt ∈ CsMp

(Kδ), where Mp = M1/α
s
t . Similarly, for the

numerator, let g(x0) = x0p
cont
0 (x0). Since M is compact, it

follows that g ∈ CsM2
(M) for some finite constant M2. An

identical convolution derivation yields ∥F t∥Cs(Kδ) ≤M2/α
s
t .

Furthermore, the compactness of M and Kδ , combined with
the global strict positivity of the Gaussian kernel (φσt

> 0),
ensures that pt(xt) is uniformly bounded away from zero

inf
xt∈Kδ

pt(xt) ≥ ct > 0. (S-40)

According to the quotient rule for Hölder spaces, the division
of two Cs-bounded functions with a strictly positive denom-
inator preserves the Cs-smoothness. Consequently, the exact
posterior mean operator intrinsically satisfies

E[x0 | xt] ∈ CsM (Kδ ∩M), (S-41)

where the final Hölder norm bound M < ∞ is a constant
entirely determined by M1,M2, αt, and ct.

Next, we analyze the metric entropy of the posterior mean
function class over the high-probability manifold domain
Kδ ∩ M. Let (U, ϕ) be a local chart mapping a compact
patch U ⊂ Kδ ∩M diffeomorphically to a convex Euclidean
domain V ⊂ RLc . The inverse mapping ϕ−1 : V → U is bi-
Lipschitz, ensuring that the Hölder smoothness is preserved
up to structural constants. Consequently, the covering number
of the Hölder space on the manifold patch is asymptotically
equivalent to that on the Euclidean domain:

logN (Cs(U), ε, ∥ · ∥∞) ≍ logN (Cs(V ), ε, ∥ · ∥∞). (S-42)

By transforming the problem to the Euclidean space V , we
can directly evaluate the capacity of the vector-valued Hölder
space. The posterior mean outputs vector fields bounded within
a compact subset B ⊂ RLc , which inherently satisfies the
homogeneity condition. Invoking the metric entropy bounds
for smooth vector-valued functions over Euclidean domains
(Theorem 4 in [91] and Theorem 8.4(a) of [92]), the metric
entropy scales linearly with the dimension Lc and inversely
with the smoothness s. Absorbing the chart-induced geometric
constants into the asymptotic notation, we obtain:

logN (Cs(U), ε, ∥ · ∥∞) = Ω
(
ε−Lc/s

)
. (S-43)

Finally, the global metric entropy over the high-probability
manifold domain Kδ ∩ M is rigorously established through
the topological relationship between the global manifold and
its local charts. Since the local patch is a subset of the global
domain (U ⊂ Kδ ∩M), any ε-packing set of functions con-
structed on U intrinsically forms an ε-packing set on the global
domain. Therefore, the global functional capacity is strictly
bounded from below by the local complexity. Conversely,
since the intersection Kδ ∩ M is a compact set, it admits
a finite subcover consisting of K local charts {Ui}Ki=1. The
global covering number is fundamentally bounded by the sum
of the local covering numbers. Since K is a finite structural
constant, the asymptotic rate remains invariant. The global
metric entropy strictly follows the local scaling rate:

logN (CsM (Kδ ∩M), ε, ∥ · ∥∞) = Ω
(
ε−Lc/s

)
. (S-44)

C. Proof of Theorem 2

Proof: (1) MIND. For the sequence formulation, the con-
catenated parameter vector ξseq consists of the V shared latent
anchors (each of dimension L) and the global N×V contextual
routing logits. This extended parameter vector resides in a
parameter space Ξseq ⊂ RDseq with total dimensionality
Dseq = V L+NV .
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Since the individual anchors are constrained to a hyper-
sphere of radius R and the logits are norm-bounded by
network regularization, the expanded space Ξseq is strictly
contained within a compact Euclidean ball B

Dseq

2 (RΞseq
).

Based on Cor. 4.2.13 of [88], the covering number is bounded
by logN (Ξseq, δ

′′, ∥ · ∥2) ≤ Dseq log
(
1 +

2RΞseq

δ′′

)
.

We evaluate the parametric Jacobian matrix Jξseq
F ∗

disc(xt).
The sequence output is a concatenated vector F ∗

disc =
[f⊤

1 , . . . ,f
⊤
N ]⊤ ∈ RNL, where the n-th token output is

fn =
∑V

v=1 πn,vav .
Step 1: Jacobian with respect to the sequence logits θk,j .

The network directly predicts the contextual logits θn,v , the
assignment probability for the n-th token is strictly defined by
the token-wise softmax normalization:

πn,v(xt; ξseq) =
exp(θn,v)∑V
i=1 exp(θn,i)

. (S-45)

Because the normalization is performed independently across
the sequence dimension, the partial derivative with respect to
any arbitrary logit θk,j evaluates piecewise:

∂πn,v

∂θk,j
=

{
πn,v(δv,j − πn,j) if k = n,

0 if k ̸= n.
(S-46)

Applying the product rule to the token output fn =∑
v πn,vav , it fundamentally follows that for k ̸= n, ∂fn

∂θk,j
=

0. For k = n, the derivative evaluates analytically:

∂fn

∂θn,j
=

V∑
v=1

avπn,v(δv,j − πn,j) = πn,j(aj −mn), (S-47)

where mn =
∑

v πn,vav . Since ∥aj∥2 ≤ R and the convex
combination ∥mn∥2 ≤ R, the Euclidean norm of the column
block vector ∂F ∗

disc

∂θn,j
∈ RNL (which is zero everywhere except

at the n-th block) is strictly bounded by:∥∥∥∥∂F ∗
disc

∂θn,j

∥∥∥∥
2

=

∥∥∥∥ ∂fn

∂θn,j

∥∥∥∥
2

≤ πn,j(∥aj∥2+∥mn∥2) ≤ 2R := Lθ.

(S-48)
Step 2: Jacobian with respect to the shared anchors

aj . Because the sequence logits θn,v may be generated via
projection architectures involving the anchors, we apply the
product rule coupled with Assumption 2. The Jacobian block
for the n-th token with respect to aj is given by

Jaj
fn = πn,jIL +

V∑
v=1

av

(
∇aj

πn,v

)⊤
. (S-49)

By the triangle inequality and the bounded gradient assump-
tion, the operator norm evaluates to:

∥Jajfn∥op ≤ πn,j+

V∑
v=1

∥av∥2∥∇ajπn,v∥2 ≤ 1+RCπ := La.

(S-50)
For the entire sequence, the block column Jacobian
is JajF

∗
disc = [Jajf1; . . . ;JajfN ] ∈ RNL×L. For

any vector uaj
∈ RL, we have ∥Jaj

F ∗
discuaj

∥22 =∑N
n=1 ∥Jajfnuaj∥22 ≤

∑N
n=1 L

2
a∥uaj∥22 = NL2

a∥uaj∥22.
Hence, the spectral bound is mathematically amplified by the
sequence length: ∥Jaj

F ∗
disc∥op ≤

√
NLa.

Step 3: Uniform Spectral Bound of the Sequence Map-
ping. The total sequence Jacobian is the aggregated block
matrix Jξseq

F ∗
disc. For any conformably partitioned unit vector

u = (ua1
, . . . ,uaV

, uθ1,1 , . . . , uθN,V
), applying the triangle

and Cauchy-Schwarz inequalities yields

∥Jξseq
F ∗

discu∥2

≤
V∑

j=1

∥Jaj
F ∗

disc∥op∥uaj
∥2 +

N∑
n=1

V∑
j=1

∥∥∥∥∂F ∗
disc

∂θn,j

∥∥∥∥
2

|uθn,j |

≤

 V∑
j=1

NL2
a +

N∑
n=1

V∑
j=1

L2
θ

1/2

∥u∥2. (S-51)

Taking the supremum over ∥u∥2 = 1 establishes the uniform
spectral bound

sup
ξseq,xt

∥Jξseq
F ∗

disc(xt)∥op ≤
√
V NL2

a +NV L2
θ

=
√
V N(L2

a + L2
θ) := Lseq

map <∞. (S-52)

Because the operator norm is uniformly bounded by Lseq
map,

the Mean Value Theorem directly implies the global Lipschitz
continuity of ξseq 7→ F ∗

disc. Consequently, the hypothesis class
F seq

disc is a Lipschitz image of Ξseq. Scaling the precision via
δ′′ = ε/Lseq

map, the metric entropy is bounded by

N (F seq
disc, ε, ∥ · ∥∞) ≤ N

(
Ξseq,

ε

Lseq
map

, ∥ · ∥2
)
. (S-53)

Substituting Dseq = V (L + N), the asymptotic functional
complexity evaluates to O(V (L+N) log ε−1).

(2) CDM. In the continuous regime, evaluating the sequence
jointly expands the functional domain to the Cartesian product
Mseq =MN ⊂ RN×Lc .

As rigorously derived in the single-token proof via the dif-
ferentiation property of convolutions, the exact posterior mean
preserves the Hölder smoothness of the data prior. Because the
sequence-level diffusion process operates in the joint space
RN×Lc , this structural preservation translates perfectly to the
multidimensional domain through isomorphic analytical trans-
fer. Thus, the sequence-level mapping intrinsically satisfies
E[x0 | xt] ∈ CsMseq

(KN
δ ∩Mseq).

Invoking the standard minimax metric entropy bounds for
Cs-smooth vector-valued functions over Euclidean domains
(e.g., Theorem 8.4 of [92]), the capacity fundamentally scales
exponentially with the intrinsic dimension. Substituting the
expanded domain dimension d = NLc, the global functional
capacity strictly inherits this exponential scaling:

logN (F seq
cont, ε, ∥ · ∥∞) = Ω

(
ε−

NLc
s

)
. (S-54)

This concludes the proof.

D. Auxiliary Derivation

1. Gradient of the Posterior Routing Probabilities.
Let the routing probability be defined as πv = exp(ϑv)∑V

k=1 exp(ϑk)
.

We calculate the partial derivative ∂πv

∂ϑj
using the quotient rule.

The derivation splits naturally into two cases depending on
whether the target index j equals v:
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Case 1: v = j. Applying the quotient rule yields

∂πv

∂ϑv
=

exp(ϑv)
∑V

k=1 exp(ϑk)− exp(ϑv) exp(ϑv)(∑V
k=1 exp(ϑk)

)2
=

exp(ϑv)∑V
k=1 exp(ϑk)

(
1− exp(ϑv)∑V

k=1 exp(ϑk)

)
= πv(1− πv). (S-55)

Case 2: v ̸= j. The numerator does not contain ϑj and is
treated as a constant.

∂πv

∂ϑj
=

0− exp(ϑv) exp(ϑj)(∑V
k=1 exp(ϑk)

)2
= −

(
exp(ϑv)∑V
k=1 exp(ϑk)

)(
exp(ϑj)∑V
k=1 exp(ϑk)

)
= −πvπj . (S-56)

Both cases can be unified into a single expression

∂πv

∂ϑj
= πv(δvj − πj). (S-57)

2. Jacobian Matrix with Respect to Anchor Vectors.
Recall that the predicted continuous state f∗

dist(xt) under
the discrete diffusion formulation is given by the posterior
expectation over all anchor vectors:

f∗
dist(xt) =

V∑
v=1

πvav, (S-58)

where av ∈ RL is the v-th anchor vector and πv is its corre-
sponding posterior routing probability. Applying the product
rule for vector calculus to the summation yields:

Jaj
f∗
dist(xt) =

V∑
v=1

∂(πvav)

∂aj
=

V∑
v=1

[
πv

∂av

∂aj
+ av

(
∇aj

πv

)⊤]
.

(S-59)
Suppose the anchor vectors av are independent parameters,
we have ∂av

∂aj
= δvjIL. The exact formulation of the Jacobian

matrix is

Jajf
∗
dist(xt) = πjIL +

V∑
v=1

av

(
∇ajπv

)⊤
. (S-60)
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