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Figure 1. (a) The intuition of source and coupling co-design is to reduce crossing (b) when the target distribution exhibits multimodal
structures. (c) Our Multimodal Flow Matching (MM-FM) brings 30x faster convergence for DIT°"-XL trained on DINOv2-B latent space
for unconditional generation on ImageNet256 compared with the classic flow matching algorithm.

Abstract

Recently, vision foundation models have been shown to
boost the efficiency of flow-based generative models by re-
vealing the intrinsic union-of-manifold structures and low-
ering the complexity of the latent/target distribution. In this
paper, we exploit the multimodality aspect of the union-of-
manifold structures, and aim to further improve the learn-
ing and inference efficiency for flow-matching models. To
this end, we propose an efficient source and coupling co-
design method termed Mixture-Modeling Flow Matching
(MM-FM), by integrating a data-adaptive multimodal source
distribution (implemented as Gaussian mixture models) and
mode-dependent data coupling. The former shortens the
distance between the source and the target, and the latter
promotes local and straighter flows. We also derive theoret-
ical results to confirm our intuition in a quantitative sense.
In our experiments on ImageNet256x256 with multimodal

DINOv2-B latents, MM—FM exhibits superior learning effi-
ciency and state-of-the-art unconditional generation qual-
ity: FID=2.74 with autoguidance in only 80 epochs.

1. Introduction

Most state-of-the-art (SOTA) deep generative models are
flow-based [1, 7, 20, 81], predominately diffusion [46] and
flow matching (FM) models [53]. In flow-based models,
given a target distribution represented by a training dataset,
a chosen source distribution is gradually transformed into
the target following properly designed flows that move
around the probability mass (or samples). Once such flows
are learned, they are used to produce novel target samples
by transforming new source samples.

Intuitively, the level of learning difficulty incurred by
flow-based models is dictated by several factors, includ-
ing at least (1) the complexity of the target distribution;
(2) the distance between the source and target distribu-
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tions [22, 23]; and (3) the flow design [15, 80]. Since flow-
based models are typically trained in latent spaces, for any
given training set, (1) is determined by the latent embed-
ding method, i.e., the tokenizer. Related to this, a series
of recent works have shown that foundation models can
improve variational-autoencoder (VAE)-based tokenizers in
terms of the subsequent training efficiency and generation
quality [6, 10, 11, 24, 70, 85, 89]. This is partially due
to the lower complexity of the resulting multimodal distri-
butions' [10, 11, 24, 70, 89]—consistent with the Union of
Manifolds Hypothesis [3, 8, 65] for image data, than that
of the entangled distributions induced by VAE-based tok-
enizers alone (see Fig. 1 (b)). Given that foundation mod-
els lead to such low-complexity multimodal target distribu-
tions, this paper focuses on a natural question: are there
principled choices of the source distribution and the flow
design to make learning even more efficient?

For this, it seems favorable to make the source and tar-
get distributions sufficiently close. The closeness not only
means small transport distances but also implies that only
localized and minuscule flows are needed to move the prob-
ability mass around to bridge the two distributions. This
consideration rejects the popular choice of unimodal Gaus-
sian as the source [7, 20, 81], which is target-blind.

How can one obtain sufficiently close source distribu-
tions, especially for high-dimensional data, in practice?
In this paper, we propose using Gaussian Mixture Mod-
els (GMM) fitted to the training samples as data-adaptive
warm-start source distributions. There are a couple of ad-
vantages to this choice: (1) the multiple modes in the GMM
model the multimodality aspect of the target distribution;
(2) more importantly, the natural assignment of training
samples to individual mixture modes after GMM estimation
enables us to design mode-dependent data coupling and,
hence, flows. By pairing each training sample with source
samples from its nearest mode, we can ensure that probabil-
ity mass moves locally rather than crossing distant modes,
significantly cutting down the overall flow complexity.

Our contributions include: (1) proposing a source and
coupling co-design algorithm for flow-based models that
fully exploits the multimodality nature of target distribu-
tions (e.g., when foundation models are used as tokenizers),
leading to improved training efficiency (faster convergence
with better generation quality), inference efficiency (fewer
sampling steps), and data efficiency (less required training
data) (see Sec. 3.1); (2) deriving theoretical insights into
the sampling trajectory complexity (e.g., straightness and
length) and the learning complexity (e.g., Lipschitz con-
stant) to explain why the proposed modifications can boost

IThe term “multimodal distribution” is standard in statistics, referring
to a distribution with multiple local maxima (or modes) in its probability
density function. This should not be confused with “multimodal founda-
tion models” that are increasingly used nowadays, where “multimodal”
refers to multiple data types and modalities.

efficiency (see Sec. 3.4); (3) designing a subroutine to op-
erationally perform GMM estimation for the source distri-
bution and subsequent mode coupling, despite the high data
dimensionality; and (4) conducting systematic experiments
on ImageNet256 dataset to demonstrate 30x faster train-
ing convergence, 5x faster inference measured by required
ODE steps, and 3x lower terminal Fréchet Inception Dis-
tance (FID) when trained on only 10% of the data, com-
pared with the classic flow-matching models (see Sec. 4).

2. Technical Background and Related Work
2.1. Flow-based Generative Models

Continuous normalizing flow. At a high level, continu-
ous normalizing flows (CNFs) generalize classic normaliz-
ing flows, which are discrete in time. CNFs sample from a
target distribution g by continuously transforming samples
from a source distribution p [14, 26]. The entire transfor-
mation path is governed by an invertible continuous-time
flow function t;(x) = ¢ (t,x) : [0,1] x R? — R?, where
t € [0,1] indexes time and = € R is the initial point, so that
to(x) = x and 91 (x) is the end point. The flow can be ex-
pressed as the solution to an ordinary differential equation
(ODE), driven by a velocity field u:(x):

Consider the random variable Xy ~ p and write X; =
¥¢(Xo) ~ pi. The probability path {p;}1_, can be com-
puted via the famous change-of-variable formula p;(x) =
po (¥ ' (2)) |det Dp1p; *(x)|.  Since the formula allows
for a closed-form representation of p; (), initial efforts in
CNFs parameterize u;(x) using trainable neural networks
and perform learning via maximum likelihood estimation
(MLE) [14, 26]. However, it can be unstable and expensive
due to the need for an exact ODE solution and its differen-
tiation per iteration during training.

Flow matching. Later works attempt to learn CNFs with-
out per-iteration ODE solving [4, 68], evolving into the re-
cent flow-matching (FM) framework [2, 32, 52, 54, 58, 77].
FM moves away from MLE and instead matches a parame-
terized vector field u! to a prescribed velocity field u; that
induces a flow to transform py = p into p; = ¢q. Specif-
ically, for a prescribed probability path {pt}zzo and its in-
ducing vector field u;, FM learns via

ming By x,|uf (X;) — u(X3) || (2.2)

However, w; is rarely tractable in practice. Hence, FM
considers the conditional probability paths {p; }{_, where
py1 = p(X¢|X1) and the associated conditional velocity
fields u;(X;|X1), leading to the conditional FM loss:

min By (0,1], %0 ~p, X1l 17 (X2) = ue (X | X0)%, - 23)
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whose loss is equivalent to that in Eq. (2.2) up to an ad-
ditive constant. Eq. (2.3) is tractable in practice. A popu-
lar design of {p;}{_, is induced by the linear path: X; =
(1 —t)Xo +tX; fort € [0,1], leading to the linear condi-
tional flow [53]. While X and X are usually taken inde-
pendently, in practice, they can be sampled from any data
coupling m, i.e., joint distribution 7 (2, 1) with marginals
p and ¢. Under the linear conditional flow, the conditional
velocity field is simply given by u:(z|X;) = X1 — X, so
the conditional FM loss in Eq. (2.3) reduces to:

LT (0) = v, (x0,x1)r [|uf (Xe) = (X1 — Xo)||* . (24)

Diffusion models (DMs) are an important class of flow-
based models with close connections to FM [46, 53]; We
default to FM models in our subsequent exposition.

Latent flow-based models. In practice, both DMs and
FM models are often trained in a latent space with (much)
lower dimensions than that of the original space [55,
67]. For this purpose, a pretrained encoder-decoder pair
(€, D)—called the visual tokenizer, is responsible for map-
ping back and forth between the original and the latent
spaces. To be precise, given a training set {z°}?_,, train-
ing happens on latent training samples {z; = &(z%)}7 ;.
During inference, samples are first drawn in the latent space
and then mapped back to the original space via D. Hence-
forth, we use Z; and Z; to denote the source and target
random variables in the latent space.

2.2. Training Efficiency of FM Models

FM training efficiency is dictated by the complexity of the
target distribution, the source-target distribution distance,
and the flow design, among other factors.

Complexity of the target distribution. For latent FM,
given a training set {x’}”_,, the complexity of the latent
distribution is solely determined by the tokenizer [7, 20, 81].
In this regard, VAE-based tokenizers (e.g., LDM-VAE [67],
SD-VAE [20]) align the latent distribution with a full-
dimensional isotropic Gaussian. Since the sample complex-
ity of density estimation scales exponentially with the ef-
fective dimension at best [9, 57, 60], VAE-based latent FM
models tend to suffer from the curse of dimensionality when
dealing with full-dimensional latent distributions.

To break the curse, a plausible remedy is to encourage
the latent distribution to reveal manifold structures. This
is inspired by the celebrated manifold hypothesis [3, 5, 19,
21, 56, 65], and in particular, the lifted Union of Manifolds
Hypothesis (UMH), which states that high-dimensional im-
age data do not lie on a single manifold but on a union
of manifolds with varying intrinsic dimensions [8, 65]. In
line with this remedy, recent visual tokenizers apply vi-
sion foundation models to improve latent FM performance

through strategies including alignment [6, 10, 85], adapta-
tion [24, 28], distillation [70] and replacement [89]. De-
spite their distinct motivations, we believe that the perfor-
mance gain comes from: (1) revealing the intrinsic union-
of-manifold structures in the latent distribution, validated
by superior linear probing accuracy [10, 24, 70, 89]; and
(2) the low complexity of the resulting latent distribution,
evidenced by the lower fitting loss of a simple density esti-
mation model in the latent distribution as a direct computa-
tional proxy for target distribution complexity [11]. Thus, to
reduce the complexity of the target distribution, one needs
to choose a visual tokenizer empowered by visual founda-
tion models that reveal the union-of-manifold structures.

Distance between source and target. Once the target
distribution is fixed, the next critical factor is the source dis-
tribution p. For this, p as the isotropic Gaussian has been a
standard choice. But, intuitively, to minimize the transport
efforts of transforming the source into the target, we want to
make the source-target distance small [53]. In this vein, re-
cent works propose using target-approximating source dis-
tributions to replace the isotropic Gaussian source [27, 37,
41, 61, 75] in specific domains and observe substantial per-
formance gains. For example, Mirror FM [27] and heavy-
tailed DM [61] show that when the target is heavy-tailed,
working with a heavy-tailed source is critical to avoiding
the divergent velocity field and high transport cost caused
by the light-tailed Gaussian source. So, to work with the
multimodal, union-of-manifold target distribution induced
by foundation-model-based tokenizers, one might want to
choose a tractable multimodal distribution as the source.

Flow Design. The complexity of the flow that bridges
the source and target distributions also contributes sig-
nificantly to the learning difficulty, primarily through the
choice of path (e.g., affine path, Gaussian path) and data
coupling [53]. The linear FM in Sec. 2.1 is the most pop-
ular among the paths [20, 76, 81] due to its simplicity and
mathematical optimality in terms of transport cost [52, 54].
Regarding data coupling, BatchOT [64] constructs non-
trivial couplings by solving a mini-batch optimal transport
(OT) map between source and target samples, and [48]
learns good data coupling alongside the FM training pro-
cess. When the source is close to the target, we intuitively
only need to move probability mass locally. In this case,
linear paths and local data coupling are probably sufficient.

2.3. Similar but Different Works

There are two similar but different ideas compared to ours,
as detailed in Tab. 1. MixSGM [36] operates in the pixel
space and thus is limited to low-dimensional EMNIST and
CIFAR-10 data. In contrast, our method scales to high-
dimensional natural images by leveraging vision founda-
tion models to reveal the union-of-manifold structures, in-
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Table 1. The comparison of our method with similar methods.
t: Covariance refers to explicit covariance estimation instead of
assuming for isotropic covariance.

Method CondPrior [35] MixSGM [36] Ours
Latent FM Model v X v
Multimodal Tokenizer X X v
GMM with Covariancet X X v
Local Data Coupling X v v

ducing a low-complexity target distribution for FM. Cond-
Prior [35] applies a VAE-based tokenizer to perform latent
FM for ImageNet-1K, and forms the mixture components
of their GMM source based on annotated classes. How-
ever, the poor ImageNet-1K linear probing results [70, 89]
suggest that the VAE-based tokenizer alone fails to clus-
ter ImageNet-1K well. So, such a class-conditioned GMM
source distribution might not reflect the true structure of the
latent distribution, not to mention that annotated classes are
not always available for image datasets.

Remark: The work Gaussian Mixture Flow Matching
(GMFlow) [12] shares only a naming similarity to our work.
Their motivation lies in using GMM to model the condi-
tional velocity field—intrinsically a distribution. Moreover,
we refer the reader to remotely related work in Sec. 9.

3. Method

The design of our algorithm—dubbed MM-FM—closely fol-
lows the insights in Sec. 2.2 to reduce the learning difficulty:
(1) employing a visual tokenizer that reveals the union-of-
manifold structure, resulting in a multimodal target distri-
bution; (2) estimating a target-approximating source distri-
bution via GMM; and (3) designing a mode-dependent data
coupling for the probability mass to transport locally.

3.1. Our Algorithm

Foundation model as visual tokenizer to reduce the
complexity of the target distribution. = Because visual
foundation models (e.g., DINOv2 [17], SigLIP2 [79]) are
known for their superior performance in linear probing,
they are good candidates as encoders to reveal the union-
of-manifold structures in the latent space. Although many
recent works on latent FM leverage foundation models to
regularize encoders [6, 10, 24, 70, 85], the linear probing ac-
curacy is not as good as that of using foundation models as
encoders directly [28, 89]. Based on empirical linear prob-
ing performance and t-SNE visualization (see Sec. 11.1),
we adopt the DINOv2-B foundation model as our encoder
(see Fig. 1). To train a corresponding decoder, we follow
the training recipe in [89] and consider the combined loss

£ = L1(#, »)+wy, LPIPS(#, 2)+weA GAN(2, ), (3.1)

i.e., a combination of reconstruction (L1), fidelity
(LPIPS [88]), and adversarial losses [25], where z = £(x),

Z = D(z). The decoder is not required for training MM—-FM
but is necessary for image synthesis (inference).

Narrowing source-target gap with GMM. The union-
of-manifold structure implies a multimodal distribution. To
reduce the distance between the source distribution and the
multimodal target distribution, we fit a GMM to the target
distribution and use it as our source distribution. This GMM
source distribution can be viewed as a warm-start estimation
of the target and FM training as refinement. Since GMM es-
timation struggles due to the high dimensionality, we design
a subroutine to produce an operational GMM (see Sec. 3.2).

Mode-dependent data coupling. The GMM fitting from
the last step naturally assigns target samples to their cor-
responding Gaussian modes. Moving beyond independent
coupling, we leverage these assignments to design a mode-
dependent coupling termed mode coupling. Specifically,
given z; ~ ¢, we softly assign z; to the Gaussian modes
of p via their posterior responsibilities, and define the mode
coupling by sampling z( from the resulting mixture:

Tmode(20 | 21) = Y wi(21) N (205 piks Tk), - (3.2)
k=1

N (21 e, Xi)
wk(z1) = S e N (2 e, 35)

(3.3)

The complete algorithms are in Algorithms 1 and 2.

Algorithm 1 Training our MM-FM

1: Input: an image dataset {:rgj )}
2: Output: a velocity field neural network u?

Stage 0: Vision Foundation Model Encoding
3: {zy)} — 5{$§J)} > Encode images to multimodal latents

Stage 1: Gaussian Mixture Model (GMM) Fitting
4: m < Bayesian GMM({Z§J)}) > Infer number of modes

5: FitGMM p = -7 eV (s, 54) to {21}

Stage 2: Flow Matching Training

6: Initialize parameters 6 for u!

7: for each training iteration do

8: | Sample (Zo, Z1) ~ Tmode(20|21) via mode coupling:

9: Sample Z1 ~ q > Sample data
10: Sample mode k from posterior p(- | Z1; ¢, u, )
11: Sample Zo ~ N (uk, Xk) > Sample noise

12: | Sample t ~ U(0,1) and set Z, = (1 — t)Zo + tZ
13: | Descend gradient on loss ngM(a):
14 Vo|lul (Z) - (Z1 — Zo)|?

Relation to CondPrior [35] and MixSGM [36]. They do
not utilize a foundation-model-based encoder to reveal the
multimodal target distribution. As discussed in Sec. 3.1, the
encoding stage of Algorithm 1 is crucial for revealing the
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Algorithm 2 Sampling from MM-FM

: Input: trained u?, fitted GMM {c;, pi, 3:} 71, ODE steps N
: Sample k ~ Cat(c1,...,cm), then 2o ~ N (pr, Xk)
:forn=0,...,N—1do > Euler overt € [0,1]
| ZmtnyN < Zngn + 3 - U (Zayn)

: return £1 < D(z1) > decoder for foundation model Enc

[ I S R R

Stage 1: Gaussian Mixture Model Training

{ GMM on [CLS] Tokens
— (until convergence)
[
m . Cluster @
DINOv2-B . Membership . “‘:
007.
m . i (:fLSN (ll[Cst E?LS)

(X4 (V(uo)},

Stage 2: Flow Matching Training

[CLS] GMM Sample noise:
= Mode k N (pue; 031
a
£ DINOwE g 12 e mdm 0
ﬁ Rectified .
: . - Flow Loss - oirer - O
[ | O

Figure 2. We leverage the space (R7%®) and the one-
to-one correspondence between patch and [CLS] tokens to pro-
duce an operational GMM in the patch-token space.

union-of-manifold structures and is also a necessary condi-
tion for the estimation of the GMM source distribution.

3.2. GMM Implementation in High Dimensions

Although our choice of the DINOv2-B model as the encoder
induces a low-complexity multimodal distribution, the la-
tent dimension is very high, defying effective GMM es-
timation. Specifically, DINOv2-B [17, 89] encodes each
image into 768 patch tokens, each 16 x 16 in size, plus a
[CLS] token of size 768. To break the curse of dimension-
ality, we leverage this (relatively)-low-dimensional [CLS]
token, a global descriptor of its corresponding patch tokens,
to derive an operational GMM estimation procedure for the
high-dimensional latent distribution in R768*16x16

As shown in Fig. 2, we first run a full-fledged GMM esti-
mation in the [CLS] token space to determine cluster mem-
berships; then, we estimate the Gaussian mean and vari-
ance of the patch tokens for each cluster separately in the
patch-token space. During FM training, we pair an image
latent (i.e., patch tokens) with noise drawn from a specific
mode by (1) selecting a mode via sampling from the soft
assignment probabilities for the observed [CLS] token in
the [CLS]-token space, and then (2) drawing noise with the
mean and variance of that particular Gaussian mode in the
patch-token space. During FM generation, we sample mode
indices from the [CLS] GMM and draw noise samples from

the corresponding Gaussian modes in patch-token space.

3.3. Toy Experiment

Table 2. Results of a toy experiment on R'°. Len is the aver-
age trajectory length and W3 is the square of 2-Wasserstein dis-
tance. Using GMM source alone is insufficient, but co-designed
with mode coupling MM—FM obtains superior performance.

GMM
Indep. Indep. MC
Data| Len] WZ] Lenl WZ| Len] W2,

Compact  1.88 1.252 1.82 1251 1.67 1.248
Normal 197 1366 192 1368 1.72 1.364
Spread 235 1582 230 1.631 2.00 1.556

Source Gaussian

Coupling

To verify that our MM-FM reduces the learning diffi-
culty, we run a toy experiment in R'C, where the length
of the sampling trajectory and the 2-Wasserstein distance
can be computed efficiently. In Tab. 2, the shorter aver-
age sampling trajectory (Len) implies that MM~FM only re-
quires local transport of probability mass, and the lower 2-
Wasserstein distance (W3) indicates reduced learning diffi-
culty. We also note that (1) MM-FM brings in straighter sam-
pling trajectories that also improve inference efficiency; and
(2) MM-FM is compatible with BatchOT [64] if computing
allows for further improvements in trajectory length, trajec-
tory straightness, and 2-Wasserstein distance. We refer the
reader to Sec. 7 for complete details of this experiment.

3.4. Theoretical Analysis

We take a first cut to mathematically justify the improve-
ment yielded by our method MM-FM. To make the analy-
sis tractable, we introduce some simplifying assumptions.
Specifically, we assume that the target density ¢ is a uni-
form mixture of affine translations of a fixed density ¢:

a(z) = 23" G- = 230 al2),

where ¢ is a unimodal probability density on R¢Y,

{pr}, C R? are mean vectors, {Zk}z;/l C Rdxd
1/2

are covariance matrices, and qx(z) = ¢(3, (2 — ).
To standardize the problem, we assume E;[z] = 0 and
E;[22T] = I;. We refer to producing samples from g as

the unimodal generation problem (UGP), and those from
q as the multimodal generation problem (MGP).

Our goal is to show that an informed source and coupling
choice for the MGP can make ease both learning and gener-
ation processes. First, consider another unimodal distribu-
tion p(z) satisfying E5[z] = 0 and Ej[227] = I, called the
unimodal source. Then, we define

P =S ) = 55 me)
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to be the multimodal source, with the same parameters
{1k, X}, as those of the target distribution ¢. Thus, p
and ¢ have the same modes and a similar “shape” around
each mode. This makes the distance between p and ¢
smaller than that between p and q. Moreover, we introduce
three quantities that measure the complexity of the flow:

1. The straightness of flow, defined by

B |y () P = | wuizoae]].

Intuitively, the two terms measure the total transport
work and effective transport work done, respectively.
The smaller the difference is, the straighter the flow is.
Thus, a small straightness value is favored in our setting,
as it suggests that the flows are closer to linear and can
be simulated with fewer integration steps.

2. The total length of flow, defined by

Len=E [fol ||ut(zt)|\dt] :

This quantity captures the average distance that the flow
takes to bridge a particle X from the source distribution
to a particle X; from the target distribution. In general,
a small total length is favorable.

3. The Lipschitz constant of the velocity field, given by

Lip(us) = sup, ||Vt (2)]lop-

The Jacobian of the velocity field, Vu:(z), measures
how fast the vector field changes with respect to posi-
tion; thus, the Lipschitz constant is a direct measure of
the curvature of the flow. The Lipschitz constant also
captures the difficulty of learning the velocity field with
neural network models, as a large Lipschitz constant in-
dicates a highly oscillatory vector field, which is less
amenable to neural network approximation. In partic-
ular, empirically, neural networks may struggle to learn
highly oscillatory functions due to spectral biases [66].
Thus, a smaller Lipschitz constant is favorable.

To simplify the analysis, we assume the mode coupling

Tmode is defined using the “hard” version of Eq. (3.3)%, i.e.,

wi(z1) = 1|k = argmax;ep,,) N (215 5, Zj)}, equiva-

lent to the mode assignment function k : R — [m] by:
k(z) = i — —1/2.
(z) = arg Join, Iz = pikll -2

In addition, we place some technical assumptions on the
distributions p and ¢, {pu } 7, and {& 7.

Assumption 1. /. For both p and §, the support ) is a
bounded, convex subset of R%, and its affine images

2In high-dimensional settings where the concentration of measure phe-
nomenon holds, the soft and hard mode assignments behave similarly.

{Q% } kepm) are mutually disjoint. In addition, for every
pair of distinct indices j, k € [m], and every z € Q,

||Z — ,Ltk||2;1/2 < distzf1/2 (Z, Qj),
g J

where dist2;1/2 (2,95) = infycq; ||z — i‘/Hg;l/2~
2. The considered velocity field i, bridging the unimodal

distributions p and { is Lipschitz continuous for every
t € (0,1), and its Jacobian is defined globally in Q.

The first item of Assumption | essentially states that the
modes {p, }7, are sufficiently well-separated. The second
item of Assumption | is a technical assumption on the p and
¢, which is satisfied when both p and ¢ are smooth and their
ratio g(x) is always nonzero; in other words, wherever p(z)
places positive mass, ¢(z) also places positive mass. Our
main result is stated below:

Theorem 3.1. Let Assumption I hold. If we implement FM
on the multimodal distribution q with the multimodal source
p and the mode coupling T ,o4e, the following holds.
1. The straightness is bounded by that of the UGP:

Straightness(p, ¢; Tmode) < C - Straighmess(p, §; Tina),

where C := (L3710 [|Sklop) < 1.
2. The total length is bounded by that of the UGP:

1 & -
Len(p, ¢; Tmode) < (m ; Ekﬁf) - Len(p, ; Tina)-

3. Ifuy denotes the velocity field bridging p and q under the
mode coupling, and 1, denotes the velocity field bridging
P and q under the independent coupling, we have

Lip(uz) < Lip(t), Vt € (0,1).

See Sec. 6 for the proof details. Theorem 3.1 states that
when using the multimodal source and the mode coupling,
the straightness, total length, and the Lipschitz constant
of the velocity field of the UGP never exceed those of
the UGP. We remark that the constants = 37" | [[Sy]|op
and LS, ||E;CH¥2 may be pessimistic, as they arise
from worst-case estimates of the form ||Xui(z)|| <
|X]|opll2¢(2)]|. Thus, equality holds in items 1 and 2 of
Theorem 3.1 only when these bounds are sharp. When the
covariances {3} ; have small eigenvalues in certain di-
rections, the constant may be substantially improved.

To further demonstrate the importance of a multimodal
source for a multimodal target, we include a complementary
result describing the limitations of a unimodal source.

Theorem 3.2. Let p denote the unimodal source and q de-
note the multimodal target. Let u; denote the velocity field
bridging p and q under the independent coupling and let Ly
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Table 3. System-level comparison of latent flow-based unconditional image generation on ImageNet 256 x256. The class-conditioned
methods are only for reference, not for comparisons. 1: Results are taken from RAE manuscript [89]. Our DiTPH-XL use 50 ODE steps,
while SVG-XL uses 25 steps and the remaining 250 steps.

Training

Generation w/o guidance

Generation w/ guidance

Method Tokenizer # params Prior Condition
Epoches FID IS Pre. Rec. | FID IS  Pre. Rec
LDM-8 [67] LDM 150 395M Gaussian - 39.13 - - - - - - -
DiT-XL [51] SD-VAE 400 675M Gaussian - 27.32 3590 - - - - - -
"DITXL[62] | SD-VAE 80  675M  Gaussian  Class  19.50 - - e B
SiT-XL [55] SD-VAE 80 675M Gaussian Class 17.20 - - - - - - -
SiT-XL [49] E2E-VAE 80 675M Gaussian Class 3.46 159.8  0.77 0.63 | 1.67 266.3  0.80 0.63
LightningDiT-XL [85] VA-VAE 64 675M Gaussian Class 5.14 1302 076 0.62 | 2.11 252.3 0.81 0.58
LightningDiT-XL [11] MAETok 64 675M Gaussian Class 5.36 - - - 3.24 - - -
LightningDiT-XL [10] AlignTok 64 675M Gaussian Class 3.71 1489 0.77 0.62 | 1.90 2609  0.81 0.6l
LightningDiT-XL [10] | VFM-VAE 80 675M Gaussian Class 341 160.4 - - - - - -
SVG-XL [70] SVGTok 80 675M Gaussian Class 6.57 137.9 - - 3.54 207.6 - -
"DITXL+RCG[51] | SD-VAE ~ 400 ~ 738M  Gaussian MoCov3 ~ 4.89 = 14320 - - | - B
DiT-XL + DLCs1» [47] | SD-VAE 80 825M  Gaussian DLC 5.75 - - - - - - -
T T 200 T 839M Gaussian - 1651 6136 0.69 062 | 1245 7136 072 0.63
DIiTPH. XL, DINOv2-B 80 839M Gaussian - 9.33 90.62 0.71 0.65 | 582 110.19 0.73 0.66
200 839M Gaussian - - - - - 4961 123.12f - -
777777777777777777777777 20 839M GMM - 511 18837 081 049] 439 18259 082 052
. DH ~ DINOV2-B 80 839M GMM - 3.82 19228 0.81 054 | 3.23 183.62 0.81 0.57
DiT™-XL + MM-FM 20 8390M  GMM  Mode 474 19476 082 048 | 420 18418 083 051
80 839M GMM Mode 318 21123 083 053 | 274 19727 083 0.56

denote the Lipschitz constant of u;. Then for any constant
M > 0, there exists a choice of {p, Xx }}', such that the
averaged Lipschitz constant satisfies

Jy Le> M.

See Sec. 6 for the proof details. Theorem 3.2 states that
under the unimodal source and the independent coupling,
the velocity field’s Lipschitz constant can grow arbitrarily
large due to scale imbalance between prior and target.

To summarize, our theory explains the importance of
the co-design of the coupling and source distribution when
learning multimodal distributions with FM. Theorem 3.1
shows that such co-design eases the learning process by
making the velocity field less curved and also expedites the
generation process by promoting straighter flows. Com-
plementing Theorem 3.1, Theorem 3.2 shows that with a
unimodal source, the velocity field can become arbitrarily
curved. Our key theoretical insight is that the multimodal
source, coupled with mode coupling, ensures that compo-
nents with the same covariance structure are matched and
flows stay within a single component of the support.

4. Experiments

Setup. We conduct experiments on ImageNet-256 [44],
containing 1.28M images. Following the standard proto-
col established by ADM [18], we pre-process all images
by center-cropping to maintain aspect ratio and resizing to
256 %256 resolution. During training, we apply horizontal
flipping as the sole data augmentation. We employ DiT -
XL as the seminal diffusion transformer backbone operating

directly in raw structured DINOv2-B latents, and we also
strictly follow its learning settings [89]. Unless specified,
we default to use GMM with 8192 modes, diagonal covari-
ance types, and soft assignment. The time spent training the
GMM model (once) is negligible compared to training the
flow matching model. Our GPU implementation of using
the trained GMM for mode coupling almost adds no over-
head to the training speed compared to independent cou-
pling with isotropic Gaussian. The detailed runtime analy-
sis and training parameters are in Sec. 10.

Conditioning and sampling strategies. Unlike prior
works on class-conditioned generation [70, 85, 89], we pri-
marily focus on the scenario without the luxury of super-
vised labels to make better exploit foundation models and
data structures. We also set our training budget to be 80
epochs for resource-constrained settings where foundation
models are increasingly practical. We include a variant of
MM-FM that takes the mode index as an additional condi-
tioning input, which helps guide samples at mode bound-
aries. In Sec. 8, we show that the minimizer of the OT
objective Eq. (2.4) approximately coincides with the mini-
mizer of the mode-conditional variant. Although classifier-
free guidance does not apply to the unconditional setting,
AutoGuidance remains applicable [38], where the detailed
guidance parameters are in Sec. 10. Following [89], our
baseline for apple-to-apple comparison, we use an ODE
sampler with 50 Euler steps unless specified. We also in-
clude RCG [51] and DLC [47] as current SOTAs for uncon-
ditional ImageNet-256 generation.
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Evaluation protocol. Consistent with our baselines, all
models are evaluated on 50,000 generated samples. Our
primary metric is FID, with Inception Score (IS), precision,
and recall [33, 45, 69]. Reference statistics are ADM’s pre-
computed values [18] over the full ImageNet dataset.

4.1. State-of-the-art Unconditional DiT

As shown in Tab. 1, our MM-FM (with autoguidance) estab-
lishes new SOTA unconditional generation (FID=2.74) on
ImageNet-256 within 80 epochs. Under such a resource-
constrained setup, our FID scores (without guidance) of
both variants surpass RCG with full training and outper-
form DLC by 45%, without training an additional gener-
ative model to provide representation conditions [47, 51].
Notably, without guidance, our MM-FM even matches and
surpasses many class-conditioned methods, making it suit-
able for large-scale unsupervised datasets. Even without ex-
plicit mode conditioning, MM-FM still obtains a competitive
score of FID 3.82 (2.44 x better than the classic FM recipe).

30 GMM Modes

25 —€— Gaussian —@— 64 —0— 1024
- -3 -e— 128 2048
¥20 \+ 16 —e— 256 4096
w0 - 32 —o— 512
ai1s
[V

10

8 12 16 20 Epoch

Figure 3. The ablative study of mode numbers for MM-FM with-
out mode conditioning on unconditional image generation. The
GMMs are using diagonal covariances and soft assignment.

4.2. MM-FM Exploits the Structured Latents

As shown in Fig. 3, MM-FM strictly improves the training
efficiency (faster convergence) relative to Gaussian source
with independent coupling, and we observe a monotonic
improvement with increasing number of modes toward the
degree of reasonable GMM estimation with sufficient data
points per mode. At Epoch 8, we clearly observe the
“warm-up” effects brought by MM-FM. Notably, the benefits
persist even when the number of modes exceeds the num-
ber of class labels in ImageNet, demonstrating that class
labels do not represent or fully exploit the true underlying
structure of the latent space. This suggests that the data
manifold contains richer intrinsic structure beyond the cat-
egorization provided by supervised labels, which MM-FM
can effectively capture. Let alone that class labels are not
always available. We defer the ablation study of covariance
and assignment types in Sec. 11 as we empirically find that
they only marginally affect the generation performance. As
a side note, the GMM fitting does not need to be perfect
because any reasonable multimodal structures learned are

relatively better than a target-blind isotropic Gaussian.

4.3. Less Crossing and Straighter Trajectories

In the few-step generation regime, our MM-FM only em-
ploys 5 ODE steps relative to classic FM requiring 25 ODE
steps to achieve the same FID score. Because a straight tra-
jectory needs fewer steps than a curve one to achieve a tar-
get discretization error, MM—FM reveals straighter sampling
trajectories, greatly improving the inference efficiency.

100
- 75 —8— Gaussian + Independent Coupling
% —8— GMM + Mode Coupling
o) 50
8 »s5 5x faster =
o .*.e.:.:---- m.“'
5 10 25 ODE Step

Figure 4. MM-FM demonstrates outstanding inference efficiency.
The GMM m = 8192 uses diagonal covariance and soft assign-
ment and MM—-FM without mode conditioning.

4.4. Enable Data-limited Generative Modeling

Beyond training and inference efficiency, MM-FM demon-
strates outstanding data efficiency, outperforming, outper-
forming classic FM by a greater margin than in the full-data
regime (see Tab. 4). We attribute this to MM-FM lowering
the learning complexity, thus reducing demand for training
data. In particular, we train both MM-FM and classic FM to-
ward convergence, so the significant gap in the FID scores
really demonstrates the reduction of the learning problem
complexity by allowing probability mass to move locally.

Table 4. Training DiTP"-S on stratified 10% of ImageNet256 data
with the baseline (Gaussian source with independent coupling)
and MM—FM with 8192 modes, where the GMM is also estimated
from the 10% ImageNet data.

400 Epochs | 800 Epochs
FID-50K | Baseline MM-FM | Baseline
24.65 8.04 | 2433 7.48

MM-FM

5. Conclusion

In this paper, we propose MM-FM, a co-design of mul-
timodal source distribution and mode-dependent coupling
that exploits structured foundation model latents, achiev-
ing SOTA unconditional generation with 30x faster con-
vergence through straighter, shorter trajectories and lower
learning complexity. We believe that MM-FM represents a
significant leap into the co-evolution of foundation models
and generative models: as foundation models emerge across
domains [30, 71], flow-based generative modeling can be
made efficient by fully exploiting these semantically-rich
structured representations and building localized flows.
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