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Abstract

Conditional MeanFlow [Geng et al., 2026a] enables efficient one-step generation1

by learning an average velocity field. However, its regression objective does not2

explicitly measure the discrepancy between the conditional distribution induced3

by the one-step map and the target distribution. This limitation can be particularly4

important in multimodal conditional settings, where it may recover plausible modal5

regions, yet the probability mass is incorrectly allocated across modes. To address6

this limitation, we introduce MC-MF: Multimodal Conditional MeanFlow, which7

augments the standard MeanFlow objective with a condition-aware maximum mean8

discrepancy (MMD) regularizer between generated and target conditional distri-9

butions. This sample-based regularizer requires no knowledge of mode identities,10

the number of modes, or target mixture proportions, while preserving single func-11

tion evaluation inference. Our theoretical analysis shows that the proposed MMD12

decomposes into distribution discrepancies within each condition, and captures13

discrepancies arising from incorrect probability allocation across modes. We also14

experimented on a controlled conditional Gaussian mixture and an asymmetric15

event-conditioned Lorenz system, showing that MC-MF can substantially improve16

multimodal probability allocation over one-step MeanFlow.17

1 Introduction18

Diffusion and flow-based models have emerged as powerful frameworks for generative modeling,19

offering flexible approaches for learning complex data distributions. MeanFlow [Geng et al., 2026a]20

introduced an average-velocity formulation that enables high-quality generation in a single sampling21

step, substantially reducing inference cost while maintaining strong generative performance. However,22

in many real-world applications, generation must satisfy additional requirements specified through23

conditioning [Ho and Salimans, 2022]. Examples include generating diverse outcomes for a given24

class or attribute, predicting multiple plausible responses to the same biological perturbation [Bunne25

et al., 2023, Yu et al., 2025, Luo et al., 2024], representing alternative molecular conformations [Cao26

et al., 2025, Zhou et al., 2025], or modeling multiple possible trajectories of a dynamical system27

[Chen et al., 2024, Price et al., 2025]. In these settings, the conditional distribution p(x | c) may itself28

be highly multimodal, and a successful conditional generator must not only recover the individual29

modes but also reproduce the relative probability mass assigned to each of them.30

MeanFlow and its improved variant [Geng et al., 2026b] support conditional generation, but their31

training objectives are primarily based on regression of an average velocity field. In practice, accurate32

field regression does not necessarily guarantee that the resulting one-step generated distribution33

accurately matches the target conditional distribution. In particular, we observe that when the target34

contains separated modes with unequal probabilities, conditional MeanFlow can recover plausible35

modal regions while substantially distorting the probability allocated across them, as illustrated by36

the conditional Gaussian-mixture experiment in Section 5.37
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To address this limitation, we introduce MC-MF: Multimodal Conditional MeanFlow, which38

augments the standard MeanFlow objective with an explicit distribution-level regularizer between39

the generated and target conditional distributions. Specifically, we use conditional maximum mean40

discrepancy (MMD) [Gretton et al., 2012] to encourage agreement between pdata(x | c) and the one-41

step generated distribution pθ(x | c) . Unlike mode-specific objectives, the proposed regularizer does42

not require mode identities, component locations, the number of modes, or target mixture probabilities43

during training. Instead, it operates directly on samples, providing conditional distribution supervision44

that complements the transport-field regression of MeanFlow.45

This simple yet effective choice has several practical advantages. First, our method can be applied46

even when the modal structure is unknown. MMD is sample-based and differentiable that does not47

require explicit density estimation. Second, our approach does not modify the one-step sampling48

procedure of MeanFlow. The sampling procedure still requires only a single function evaluation49

at inference time. Our theoretical analysis in Section 3.2 shows that the proposed MMD objective50

matches the generated and target distributions separately by condition, rather than only matching51

the aggregate distribution across all conditions. This condition-wise matching is especially useful52

in multimodal settings, where different conditions may have different mode structures or mode53

probabilities that would be masked by just aggregate distribution matching.54

2 Background55

Flow Matching Flow Matching (FM) learns a time-dependent velocity field that transports samples56

from a simple prior distribution to the data distribution. Given an interpolation path zt, the model is57

trained with LCFM = E
[︁
∥vθ(zt, t)− vt∥22

]︁
, and generation typically requires numerical integration58

of the learned ODE over multiple function evaluations.59

Conditional MeanFlow MeanFlow enables one-step generation by learning an average velocity60

field over a time interval rather than an instantaneous velocity. For r < t, the average velocity is61

defined as62

u(zt, r, t) =
1

t− r

∫︂ t

r

v(zτ , τ) dτ. (1)

A neural network uθ is trained using the MeanFlow regression loss. For conditional generation,uθ63

also takes the conditioning variable c,64

LMF = E
[︂
∥uθ(zt, r, t, c)− sg(utgt)∥22

]︂
, (2)

where utgt is the MeanFlow target derived from the instantaneous velocity field and sg(·) denotes stop-65

gradient. Then one-step conditional generation is performed using X̂ = Z + uθ(Z, 0, 1, c), Z ∼ PZ .66

3 Methodology67

In this section, we introduce MC-MF and provide theoretical motivation for the proposed MMD-68

based distribution regularizer. We show that our conditional MMD regularizer evaluates distribution69

matching separately within each condition and is particularly suited to multimodal settings.70

Problem setup: Let C ∈ C denote a conditioning variable and let X ∼ Pdata(X | C). For theoretical71

analysis, we represent a multimodal conditional distribution as72

Pdata(X | C = c) =

Mc∑︂
m=1

αc,mPc,m, (3)

where αc,m ≥ 0 and
∑︁Mc

m=1 αc,m = 1. Here, Pc,m denotes the m-th modal component under73

condition c, and αc,m is the associated probability mass.74

We consider a one-step conditional generator X̂ = Gθ(Z,C), Z ∼ PZ , with the goal to learn75

Pθ(X̂ | C = c) ≈ Pdata(X | C = c), ∀c ∈ C. In the multimodal setting, this requires recovering not76

only the individual modal distributions, but also the correct relative probability mass assigned to each77

mode.78
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3.1 MC-MF: Multimodal Conditional MeanFlow79

We introduce MC-MF: Multimodal Conditional MeanFlow by augmenting the standard conditional80

MeanFlow objective with an explicit distribution-level regularizer,81

LMC-MF = LMF + λLdist, (4)

where LMF is defined in Eq.2, λ is the regularization coefficient, and Ldist is defined as a conditional82

maximum mean discrepancy (MMD):83

Ldist = MMD2
(︂
Pdata(C,X), Pθ(C, X̂)

)︂
. (5)

This formulation directly compares the joint distribution of the condition–sample pairs (C, X̂)84

between generated one-step distribution and the target distribution. This provides a conditional85

distribution-level supervision in addition to the average-velocity regression of MeanFlow.86

For the MMD-based kernel, we decompose the kernel into a product kernel kC(c, c′) and a multi-scale87

radial basis function kernel kX(x, x′) as the following:88

k
(︁
(c, x), (c′, x′)

)︁
= kC(c, c

′) kX(x, x′). (6)

For discrete conditions, we define a product kernel over the condition–sample pairs to ensure that the89

distribution matching is performed within each condition:90

kC(c, c
′) =

1[c = c′]

p(c)
, (7)

The indicator acts as a gating function: samples from different conditions have zero kernel similarity,91

so the target and generated distributions are compared only within the same condition. The factor92

1/p(c) normalizes for the probability of condition c, so that each condition contributes with weight93

p(c) to the resulting MMD objective.94

For the data variable kX(x, x′), we use a multi-scale radial basis function (RBF) kernel, defined as95

below:96

kX(x, x′) =
1

L

L∑︂
ℓ=1

exp

(︃
−∥x− x′∥22

2σ2
ℓ

)︃
, (8)

The bandwidths are selected around a reference scale σ, where σℓ ∈
{︁

σ
4 ,

σ
2 , σ, 2σ

}︁
is determined97

by the median-distance heuristic. In practice, we estimate Ldist using the biased empirical MMD98

estimator with the multi-scale RBF kernel.99

During training, data samples X and the generated samples X̂ are compared under the same condition-100

ing variable C. Importantly, since kC only determines which conditional distributions are compared,101

the modal structure itself is unknown to the model. The data kernel kX measures discrepancies within102

each condition and is therefore sensitive to differences in mode location, shape, spread, and relative103

probability mass. Thus, our regularizer does not require access to mode identities, the number of104

modes, mode locations, or target mixture probabilities.105

3.2 Theoretical results106

Although the proposed MMD regularizer is simple, we provide a theoretical interpretation of why it107

is well suited to multimodal conditional generation. In particular, we show that the condition-aware108

MMD objective matches distributions separately within each condition and is explicitly sensitive to109

errors in the probability mass allocated across modes, without requiring mode identities or target110

mixture proportions during training.111

For distributions P and Q, the maximum mean discrepancy (MMD) under kernel k is112

MMD2
k(P,Q) = ∥µP − µQ∥2H, (9)

where µP and µQ are the corresponding kernel mean embeddings in the RKHS H. For a characteristic113

kernel, MMDk(P,Q) = 0 if and only if P = Q.114
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Lemma 3.1 (Conditional decomposition). Let Pc = Pdata(X | C = c) and Qc = Pθ(X | C = c),115

with common condition marginal p(c) > 0. Under the kernel defined in Eq. 6, we have the following:116

MMD2
k =

∑︂
c

p(c)MMD2
kX

(Pc, Qc). (10)

The lemma shows that the proposed joint MMD is equivalent to a weighted sum of distribution117

discrepancies evaluated separately within each condition. Thus, errors under one condition cannot be118

compensated for by samples generated under another condition.119

Proposition 3.2 (Sensitivity to multimodal probability allocation). For each condition c, suppose the120

target and generated conditional distributions share the same modal components but assign them121

different probabilities,122

Pc =

Mc∑︂
m=1

αc,mPc,m, Qc =

Mc∑︂
m=1

βc,mPc,m. (11)

Let µc,m denote the RKHS mean embedding of Pc,m and define (Gc)ij = ⟨µc,i, µc,j⟩H. Then we can123

reformulate the MMD as follows: (see Appendix B for proof)124

MMD2
k =

∑︂
c

p(c)(αc − βc)
⊤Gc(αc − βc). (12)

Here, αc − βc represents the mode probability mass error under condition c. The matrix Gc captures125

how distinct the modal distributions are under the kernel through the inner products of their RKHS126

mean embeddings. Thus, the quadratic form (αc − βc)
⊤Gc(αc − βc) measures the distributional127

discrepancy induced by incorrect probability allocation across modes. Importantly, this sensitivity128

arises without requiring mode labels, the number of modes, or target mixture probabilities during129

training.130

Remark The shared-component assumption in Proposition 3.2 is introduced only to isolate the effect131

of mode-probability mismatch. In the more general case, the generated modes may also differ from132

the target in location, shape, or spread. MMD captures these discrepancies jointly by comparing the133

full conditional distributions, making it a distribution-level complement to the MeanFlow objective.134

Importantly, the mixture weights appearing in Proposition 3.2 are not inputs to MC-MF. They arise135

only in the theoretical decomposition of the population distribution. In practice, the relative prevalence136

of different modes is implicitly encoded in the observed samples, and MMD is estimated directly137

from real and generated samples without explicitly identifying the modes or their probabilities.138

4 Related Work139

Multimodal conditional and one-step generation. Conditional generative modeling aims to learn140

a complex distribution P (X | C), where a single condition may correspond to multiple distinct141

modes of valid outcomes. Accurately modeling such a multimodal distribution requires learning both142

the structure of these modes and their relative probability mass as described in Eq. 3. Flow-based143

generative models have substantially advanced distribution learning [Albergo and Vanden-Eijnden,144

2022, Lipman et al., 2022, Liu et al., 2022, Pao-Huang et al., 2026, Pooladian et al., 2023], as well as145

methods for conditional or one-step generations [Frans et al., 2025, Song et al., 2023, Boffi et al.,146

2024, Fu et al., 2025]. More recently, several methods address the intersection of fast generation in147

the conditional multimodal settings. SubFlow [Lin et al., 2026] addresses the one-step multimodal148

conditional generation using flow matching. It explicitly clusters each class into semantic sub-modes149

and conditions the generator on an additional sub-mode variable S, resulting in a model of the form150

P (X | C, S). In contrast, MC-MF does not require explicit sub-mode identification, additional sub-151

mode labels, or known mode proportions. RMFlow [Huang et al., 2026] studies multimodal failure152

in 1-NFE MeanFlow as well by introducing a noise-injection refinement step with likelihood-based153

training. MM-FM [Luo et al., 2026] models the multimodality through a fitted Gaussian mixture154

source distribution and mode-dependent coupling in the latent space. In contrast, our approach does155

not change the source distribution, but directly regularizes the conditional distribution produced by156

the one-step MeanFlow map.157
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Table 1: Five-seed results on the conditional three-mode Gaussian mixture. MC-MF substantially
improves mode-probability allocation while retaining one-step generation. Note that bridge mass is
defined as the fraction of generated samples that are farther than a fixed radius r = 1.5 from every
target Gaussian mode center.

Method NFE Mode-mass TV ↓ Low-density/bridge mass ↓

Conditional FM 50 0.0572± 0.0186 0.1048± 0.0241

MeanFlow 1 0.2704± 0.0251 0.1923± 0.0101

MC-MF(ours) 1 0.0192± 0.0023 0.1568± 0.0135

Figure 1: Conditional three-mode Gaussian mixture. Conditional one-step MeanFlow substantially
distorts the probability allocated across modes, whereas MC-MF recovers the target mode proportions
much more accurately while retaining 1 NFE. CFM-50 provides stronger local geometric fidelity.

Distribution matching with MMD. Maximum mean discrepancy (MMD) has been widely used in158

generative modeling. Generative Moment Matching Networks (GMMNs) [Li et al., 2015] directly159

train a generator by minimizing MMD between real and generated samples, while Conditional160

Generative Moment Matching Networks [Ren et al., 2016] extend moment matching to conditional161

generation. MMD-GAN [Li et al., 2017] further improves MMD-based generative modeling through162

learned feature representations. MMD has also recently been used to construct generative transport163

dynamics and conditional sampling procedures [Hagemann et al., 2024, Galashov et al., 2025]. Unlike164

these approaches, where MMD serves as a primary generative objective, MC-MF uses MMD as a165

distribution-level regularizer that complements the MeanFlow regression loss.166

Recently, scDFM [Yu et al., 2026] combined conditional Flow Matching with an MMD regularizer to167

improve population-level fidelity in single-cell perturbation prediction. In comparison, our approach168

differs in two important respects. First, MC-MF focuses on one-step MeanFlow and multimodal169

conditional generation with particular emphasis on preserving relative probability mass across modes.170

Second, we construct a condition-aware discrepancy over condition–sample pairs (C,X), so that171

the generated and target distributions are matched separately within each condition. This design172

requires neither explicit mode identities nor known mixture proportions and provides distribution-level173

supervision while retaining one-function-evaluation inference.174

5 Experiments175

2D Conditional Gaussian mixture. First, we consider a controlled multimodal conditional 2D176

Gaussian mixture example with two classes in which each condition has three separated modes with177

different mixture weights. Specifically, both conditional distributions use component probabilities178

0.5/0.3/0.2. For example, the target conditional Gaussian mixture for each condition c is Pdata(X |179

C = c) = 0.5Pc,1+0.3Pc,2+0.2Pc,3, where Pc,1, Pc,2, and Pc,3 denote the three Gaussian modes.180

In this example, we isolate the problem of mode-probability allocation. The goal is to validate the181

failure case of one-step conditional MeanFlow for unequal multimodal probability mass and show that182

using our proposed approach with MMD regularizer can reduce errors in this allocation. We compare183

with a 50-NFE conditional Flow Matching (CFM) [Lipman et al., 2022] and one-step conditional184

MeanFlow [Geng et al., 2026a].185
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Table 2: Results for asymmetric event-conditioned Lorenz system with three-seeds. MC-MF substan-
tially improves event recovery and multimodal probability allocation over one-step MeanFlow.

Method NFE Event success ↑ Joint TV ↓

MeanFlow 1 0.6249± 0.0215 0.4101± 0.0176

MC-MF(ours) 1 0.9945± 0.0013 0.0718± 0.0102

Conditional FM 50 0.9855± 0.0018 0.0198± 0.0007

In Table 1, we evaluate conditional mode-probability error using total-variation (TV) distance. One-186

step conditional MeanFlow shows substantial mode-mass distortion, whereas MC-MF reduces the TV187

error from 0.2704 to 0.0192, corresponding to a 92.9% reduction. As shown in Figure 1, MeanFlow188

underrepresents some modes and concentrates excessive probability mass on others relative to the189

target proportions 0.5/0.3/0.2. In contrast, MC-MF recovers the relative probability allocation190

substantially more accurately.191

However, note that MC-MF does not fully recover the local geometry of the target mixture. Although192

the off/bridge mass improves compared with MeanFlow, the CFM-50 baseline remains closer to the193

local geometry than ours. This suggests that while the MMD regularizer corrects global multimodal194

probability allocation well, the iterative transport method with more NFE steps remains more effective195

at resolving fine-grained local geometry.196

Asymmetric Lorenz dynamics. In this example, we evaluate our approach on a nonlinear dy-197

namical system. We use an asymmetric variant of the Lorenz system by introducing a constant198

symmetry-breaking forcing ε ∈ {−6,+6} in the x-dynamics, ẋ = σ(y − x) + ε. For each condition,199

we simulate 28,000 trajectories and filter them according to an event statistic that characterizes the200

oscillatory behavior of the x-trajectory. We retain trajectories whose event statistic exceeds a thresh-201

old of −0.6. Event-positive trajectories are then classified into left- and right-lobe modes according202

to the sign of their mean x-coordinate. The resulting left–right lobe proportions are approximately203

75/25 for ε = −6 and 30/70 for ε = +6.204

In Table 2, conditional MeanFlow struggles to generate trajectories from the correct event-conditioned205

E = 1 Lorenz distribution with only 62.49% of success rate, whereas MC-MF achieves an event206

success rate of 99.45%, an improvement of approximately 37 percentage points. Beyond event207

validity, we evaluate on the joint event–lobe TV, which includes three probability categories: the208

left-event trajectories, the right-event trajectories, and the invalid/non-event trajectories. This metric209

simultaneously penalizes both failure selections of the event-conditioned distribution and incorrect210

allocation between its two left-right modes. MC-MF achieves a reduction of approximately 82.5%211

relative to the conditional MeanFlow. However, CFM-50 achieves a lower joint TV with 50 steps of212

NFE.213

6 Conclusion214

We introduced MC-MF, a simple yet effective approach for one-step multimodal conditional gener-215

ation. Our condition-aware MMD regularizer complements the conditional MeanFlow regression216

objective and improves the preservation of relative probability mass across modes without requiring217

explicit mode labels, mode counts, or target mixture proportions. Our theoretical analysis and experi-218

ments demonstrate that MC-MF improves conditional distribution matching while retaining a single219

function evaluation inference. In future work, we plan to evaluate MC-MF on real-world scientific220

datasets, including single-cell perturbation data and other applications with complex multimodal221

conditional distributions.222
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A Appendix: Proof for lemma 3.1302

Lemma 3.1 (Conditional decomposition) states that we have Pc = Pdata(X | C = c), Qc = Pθ(X̂ |303

C = c), and suppose the target and generated joint distributions share the same condition marginal304

p(c) > 0. We also defined the product kernel as305

k
(︁
(c, x), (c′, x′)

)︁
=

1[c = c′]

p(c)
kX(x, x′), (13)

Then, we have306

MMD2
k(P,Q) =

∑︂
c

p(c) MMD2
kX

(Pc, Qc).

Proof. By the population definition of squared MMD, we have:307

MMD2
k(P,Q) = E(C,X),(C′,X′)∼P [k((C,X), (C ′, X ′))]

+ E(C,X̂),(C′,X̂′)∼Q[k((C, X̂), (C ′, X̂ ′))]

− 2E(C,X)∼P,(C′,X̂)∼Q[k((C,X), (C ′, X̂))]. (14)

For the first term, the product kernel kc defined in Eq.13 is zero whenever the samples do not belong308

to the same class c ̸= c′. Therefore we have,309

EP,P [k((C,X), (C ′, X ′))]

=
∑︂
c

p(c)2
1

p(c)
EX,X′∼Pc [kX(X,X ′)]

=
∑︂
c

p(c)EX,X′∼Pc
[kX(X,X ′)]. (15)

Similarly, for the second term, we have:310

EQ,Q[k((C, X̂), (C ′, X̂ ′))] =
∑︂
c

p(c)EX̂,X̂′∼Qc
[kX(X̂, X̂ ′)], (16)

and for the third term, we have:311

EP,Q[k((C,X), (C ′, X̂))] =
∑︂
c

p(c)EX∼Pc,X̂∼Qc
[kX(X, X̂)]. (17)

Combining the three terms gives312

MMD2
k(P,Q) =

∑︂
c

p(c)
(︂
EPc,Pc

[kX ] + EQc,Qc
[kX ]− 2EPc,Qc

[kX ]
)︂

=
∑︂
c

p(c) MMD2
kX

(Pc, Qc), (18)

which proves the result. □313

B Appendix: Proof for proposition 3.2314

In Proposition 3.2, we state that we can reformulate the MMD regularizer as315

MMD2
k =

∑︂
c

p(c)(αc − βc)
⊤Gc(αc − βc). (19)

Proof. First, given the conditional decomposition from Lemma 3.1, we have316

MMD2
k =

∑︂
c

p(c) MMD2
kX

(Pc, Qc). (20)
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For a fixed condition c, the target and generated distributions are317

Pc =

Mc∑︂
m=1

αc,mPc,m, Qc =

Mc∑︂
m=1

βc,mPc,m. (21)

Also by the linearity of kernel mean embeddings, we can write the following:318

µPc =

Mc∑︂
m=1

αc,mµc,m, µQc =

Mc∑︂
m=1

βc,mµc,m. (22)

Hence, we have:319

µPc − µQc =

Mc∑︂
m=1

(αc,m − βc,m)µc,m. (23)

Using MMD2
kX

(Pc, Qc) = ∥µPc
− µQc

∥2H, we can then obtain320

MMD2
kX

(Pc, Qc) =

⃦⃦⃦⃦
⃦∑︂

m

(αc,m − βc,m)µc,m

⃦⃦⃦⃦
⃦
2

H

(24)

=
∑︂
i,j

(αc,i − βc,i)(αc,j − βc,j)⟨µc,i, µc,j⟩H. (25)

By definition, we have321

(Gc)ij = ⟨µc,i, µc,j⟩H, (26)
Then Eq.24 becomes322

MMD2
kX

(Pc, Qc) = (αc − βc)
⊤Gc(αc − βc). (27)

Substituting into the conditional decomposition in Eq.20 yields323

MMD2
k =

∑︂
c

p(c)(αc − βc)
⊤Gc(αc − βc), (28)

which proves the result.324
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