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ABSTRACT

Pre-trained diffusion models have emerged as powerful generative priors for both
unconditional and conditional sample generation, yet their outputs often devi-
ate from the characteristics of user-specific target data. Such mismatches are
especially problematic in domain adaptation tasks, where only a few reference
examples are available and retraining the diffusion model is infeasible. Exist-
ing inference-time guidance methods can adjust sampling trajectories, but they
typically optimize surrogate objectives such as classifier likelihoods rather than
directly aligning with the target distribution. We propose MMD Guidance, a
training-free mechanism that augments the reverse diffusion process with gra-
dients of the Maximum Mean Discrepancy (MMD) between generated samples
and a reference dataset. MMD provides reliable distributional estimates from lim-
ited data, exhibits low variance in practice, and is efficiently differentiable, which
makes it particularly well-suited for the guidance task. Our framework naturally
extends to prompt-aware adaptation in conditional generation models via product
kernels. Also, it can be applied with computational efficiency in latent diffusion
models (LDMs), since guidance is applied in the latent space of the LDM. Exper-
iments on synthetic and real-world benchmarks demonstrate that MMD Guidance
can achieve distributional alignment while preserving sample fidelity.

1 INTRODUCTION

The rapid advancement of generative artificial intelligence is largely driven by the paradigm of
foundation models: pre-trained neural networks capable of generalization across diverse tasks and
modalities (Bommasani et al 2021). These models, including large language models (LLMs)
(Brown et al., 2020) and denoising diffusion models (Ho et al., [2020; |Song et al., 2021; |Rombach
et al.l |2022), offer powerful priors that can be adapted to specific downstream applications with
minimal computational overhead. While this adaptation can occur through fine-tuning or prompt
engineering, training-free inference-time methods remain relatively underexplored, despite their
practical advantages of no memory overhead and immediate deployment.

A fundamental challenge in deploying generative models is distribution matching, i.e., aligning
model outputs with a user’s target distribution that differs from the pre-training corpus. For exam-
ple, consider a medical imaging scenario where a practitioner needs synthetic X-rays matching their
hospital’s specific equipment characteristics, or a designer requiring images that follow their brand’s
specific visual style, where both tasks are specified through a small number (e.g. 50-100) of refer-
ence examples. A generic text-conditioned image generation model will generate samples following
its learned priors, leading to a distribution mismatch. Existing methods cannot fully address the
distribution mismatch without computationally expensive retraining on a sufficiently large sample
set from the target distribution, which is often unavailable to typical users of generative Al services.

The mentioned gap between model capabilities and deployment requirements motivates the follow-
ing question: Can we guide pre-trained diffusion models to match a user’s target distribution at
inference time using limited reference samples from their distribution? Note that this distribution
matching task can be considered in both the prompt-free (unconditional) and prompt-aware (condi-
tional) data generation, where the distribution alignment targets the user’s distribution of interest.
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Figure 1: Image generation via a text-conditioned latent diffusion model (LDM) with no guidance
vs. our proposed MMD guidance. The LDM (Stable Diffusion-XL) following our proposed MMD
guidance over 100 reference samples of “cat” and “dog” images could exhibit the visual format of
the target distribution, but the unguided LDM’s output samples differ in style from the target model.

In particular, diffusion models are suited for such training-free adaptation due to their iterative de-
noising process. During the sampling phase of diffusion models, external signals can steer the
generation trajectory through guidance in sample generation without modifying the parameters of
the pre-trained neural net denoiser. Existing guidance techniques successfully bias samples toward
specific objectives: classifier guidance (Dhariwal & Nicholl, 2021)) maximizes class probabilities,
classifier-free guidance (Ho & Salimans| |2022)) amplifies conditioning, and score distillation (Poole|
optimizes external losses. However, none of these methods can explicitly match a tar-
get distribution defined by reference samples, since they optimize surrogate objectives rather than
directly minimizing distributional discrepancy. The key challenge is how one can quantify and min-
imize distribution mismatch within the reverse diffusion dynamics.

In this work, we propose the MMD Guidance approach, an inference-time mechanism that augments
the reverse diffusion process with gradients from the Maximum Mean Discrepancy (MMD)
. This approach aims to address distribution matching by incorporating V,, MMD* into
the sampling dynamics at each timestep. MMD is uniquely suited for this task. Unlike the fam-
ily of f-divergences and Wasserstein distances, the MMD distance provides unbiased, low-variance
estimates from limited samples without suffering from the curse of dimensionality. Moreover, the
kernel-based formulation in MMD is efficiently differentiable, enabling scalable gradient computa-
tion with respect to generated samples.

Our proposed MMD guidance method can smoothly extend to prompt-aware distribution matching
in text-conditioned image generation. Users often need outputs that satisfy both textual semantics ("a
portrait of a person”) and distributional constraints (matching the style of their reference portraits).
We attempt to achieve this property through the product kernel function £yuiimodal ([p, x), [p/, 2 ]) =
Kext(p,1') * Kimage (%, 2') that jointly measure similarity in prompt and visual spaces, enabling
prompt-aware control without any retraining of the denoiser in conditional diffusion model sam-
ple generation.
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For practical deployment, we implement MMD Guidance efficiently in the latent space of a latent
diffusion model (LDM) (Rombach et al., 2022)). By computing MMD and its gradients directly on
the latent representation z € Z rather than pixel space, we achieve a significant speedup while
maintaining alignment quality. This enhances the efficiency and scalability of the MMD guidance
method for state-of-the-art conditional diffusion generation models.

We validate MMD Guidance in our numerical experiments on synthetic distributions, standard im-
age databases, and domain adaptation benchmarks. On synthetic Gaussian mixture models, the
MMD guidance can recover the target mixture from a limited number of samples. In the case of
image generation, the MMD Guidance framework reduces distribution discrepancy compared to the
baseline training-free guidance methods while maintaining comparable fidelity scores in image gen-
eration. Also, the MMD guidance method could preserve sample quality through inference-time
guidance in the latent space with proper generalization. Figure [I)illustrates an example of applying
the prompt-aware MMD guidance with only 100 reference samples of “cat” and ’dog” categories to
the latent space of the SD-XL (Podell et al., [2023)) latent diffusion model. In summary, our work’s
main contributions are:

* We introduce MMD Guidance, a training-free method for inference-time adaptation of diffusion
models to a target distribution specified by a limited reference set.

* We propose a practical extension for prompt-aware adaptation using product kernels, enabling
joint alignment to both text prompts and visual styles.

* We develop an efficient implementation that operates directly in the latent space of LDMs, ensur-
ing scalability to state-of-the-art conditional diffusion models.

* We provide empirical validation demonstrating that MMD guidance can achieve satisfactory dis-
tribution matching.

2 RELATED WORK

Guidance in diffusion models. Inference-time guidance has been central to the success of dif-
fusion models. Classifier guidance augments reverse diffusion with classifier gradients, boosting
conditional fidelity at the expense of diversity (Dhariwal & Nichol, [2021). Classifier-free guidance
(CFG) removes the external classifier by interpolating conditional and unconditional scores (Ho &
Salimans}, [2022)). This line of work has been extended in several ways. Malarz et al.| (2025)) intro-
duce -CFG, which controls the impact of guidance during the denoising process. Similarly, CFG++
(Chung et al., 2025)) aims to mitigate the off-manifold behavior associated with the standard CFG.
Follow-ups extend guidance to multiple conditions via product-of-experts composition (Liu et al.,
2022) and to editing through cross-attention control or partial noising (Hertz et al., 2023} |[Meng
et al., |2022). These approaches bias sampling toward predefined conditions, but do not explicitly
align generations to an arbitrary reference distribution.

Conditional Generation with Guidance. Controlling generative processes with specific condi-
tions is increasingly vital for practical applications, utilizing inputs such as text guidance (Kim
et al., 2022; Nichol et al., 2022} |Liu et al. [2023)), class labels (Dhariwal & Nichol, 2021)), style
images (Mou et al.| 2024; Zhang et al.| [2023) and human motions (Tevet et al.,[2023). Conditional
generation methods are divided into training-based and training-free approaches. Training-based
methods either learn a time-dependent classifier that guides the noisy sample xt toward the condi-
tion y (Dhariwal & Nichol, [2021} |[Nichol et al., [2022} Zhao et al.| 2022; |Liu et al., 2023) or directly
train a conditional denoising model €4 (¢, ¢, y) through few-shot adaptation (Mou et al.,2024; Rom-
bach et al.,2022; |Ruiz et al.,|2023)). In contrast, training-free guidance enables zero-shot conditional
generation using a pre-trained differentiable predictor, such as a classifier or energy function, to as-
sess the alignment of generated samples with target conditions (He et al., [2024; [Bansal et al.| [2023;
Yu et al., 2023} |Ye et al.l 2024). Our work is a training-free approach that uses maximum mean
discrepancy to improve distributional alignment while improving the sample diversity.

Adaptation of Diffusion Models. A complementary line adapts pretrained text-to-image models
to user-specific concepts and styles. Textual Inversion learns novel token embeddings for new sub-
jects (Gal et al.| |2022); DreamBooth fine-tunes for subject fidelity with a handful of images (Ruiz
et al.l [2023)); and LoRA enables parameter-efficient adaptation via low-rank updates (Hu et al.,
2022)). Structural controllers such as ControlNet and T2I-Adapter add spatial/structural conditions
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with lightweight modules (Zhang & Agrawalal 2023} Mou et al.| [2024). In a recent work, Domain
Guidance (Zhong et al., 2025) uses the pretrained diffusion models and a fine-tuned model to guide
generation toward the target domain. While effective, these methods require optimization and pa-
rameter storage, and can overfit tiny reference sets. Our approach is training-free and operates at
inference time, making it complementary in deployment and privacy-constrained settings.

MMD and distribution alignment. The maximum mean discrepancy (MMD) is a kernel-based
integral probability metric with strong finite-sample properties, widely used in two-sample testing
(Gretton et al., [2012)), domain adaptation (Long et al., 2015), and generative modeling (Li et al.,
2015} 2017} [Binkowski et al.l [2018)). In concurrent work, (Galashov et al.| (2025)) replaces the static
guidance weight w with a timestep-dependent learnable function. They train a neural network to
predict this function using MMD as the optimization objective. In contrast, our training-free method
applies MMD directly within the denoising process by injecting V, MMD? into the diffusion sam-
pler, guiding samples toward the reference distribution, whereas prior work primarily employs MMD
as a training loss or evaluation metric.

3 PRELIMINARIES

3.1 KERNEL FUNCTIONS AND MAXIMUM MEAN DISCREPANCY (MMD)

Letk : X x X — R be a positive semi-definite kernel with associated reproducing kernel Hilbert
space (RKHS) #, and feature map ¢ : X — H;, satisfying k(z, 2") = (p(z), ¢(2'))n, . The kernel
mean embedding of a distribution P over X is defined as:

wp = E,oplo(z)] € H. (1)

The Maximum Mean Discrepancy (MMD) between distributions P and () measures the RKHS dis-
tance between their mean embeddings (Gretton et al., |[2012)):

MMD*(P, Q) = |up—nglly, =E, uup[k(@ a)]+E u [k@:y)] =2-Eonpymo [k(z,9)]-

For characteristic kernels (e.g., Gaussian kernel), MMD defines a metric on probability measures:
MMD(P, Q) = 0 if and only if P = @, and it always satisfies the triangle inequality.

3.2 LATENT DIFFUSION MODEL (LDM)

Latent Diffusion Models (LDMs) (Rombach et al., [2022) perform diffusion in the latent space of
a pre-trained variational autoencoder (VAE), achieving computational efficiency while maintaining
generation quality. Given encoder £ : X — Z and decoder D : Z — X', LDMs operate on latent
codes z = £(x) in the latent space Z. The forward diffusion process progressively adds Gaussian
noise to latents:

q(2t|z0) = N(2t; Varzo, (L — au)I), 20 = Vauzo + V1 — auey, 2)
where ¢, ~ N(0,1), & = []'_, as, and the parameters {a;}7 ; follow a proper schedule.

A denoising U-Net €y (24, t, ¢) is trained to predict the noise € given noisy latent z;, timestep ¢,
and optional conditioning ¢ (e.g., text embeddings from CLIP). The training objective is £(6) =
Eiperte [ll€ — 69(2,5, t,c)||?]. In the sampling phase, we proceed via iterative denoising starting
from zr ~ N (0,

- L et ) + 3)
241 —m —— 2y — ————=€g | & C (o}
t—1 \/07,5 t \/1*75%9 ty Uy t1],

where  ~ N(0,1), 02 = 3, = 1 Qi1 — (3 for DDPM sampling (Ho et al., 2020). The guidance
mechanisms modify the predicted mean ug to steer generation. Notably, the classifier-free guidance
(Ho & Salimans|, |2022)) interpolates conditional and unconditional predictions as follows, in which
w > 1 amplifies conditioning strength,

€9(zt,t,c) = (1 - ’LU) : 69(2t5t7®) +w- 69(Zt7tac) (4)
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4 MMD GUIDANCE FOR UNCONDITIONAL DIFFUSION MODELS

4.1 DISTRIBUTION MATCHING VIA DIVERGENCE GUIDANCE IN DIFFUSION MODELS

Consider the task of adapting a pre-trained diffusion model to generate samples matching a target

distribution @), specified only through a small set of reference samples R = {xg-r) }j»vzrl. In our work,
we aim to develop a guidance-based framework to address this challenge and perform a training-
free adaptation of the pre-trained diffusion model. To guide the sampling process toward this target,
we propose augmenting the reverse diffusion with gradients of a divergence measure between the
distributions of generated and reference samples.

The choice of divergence measure is critical when estimating from limited data. Standard f-
divergences such as the KL-divergence and total variation distance suffer from the curse of dimen-
sionality in high-dimensional spaces, requiring sample complexity exponential in dimension for
reliable estimation (Sriperumbudur et al.|[2012). Similarly, Wasserstein distances, while providing a
powerful metric in distinguishing probability distributions, exhibit poor sample complexity in mod-
erately high dimensions, with known minimax estimation rates scaling as n~ /¢ for d-dimensional
data (Weed & Bach,|2019).

We propose using Maximum Mean Discrepancy (MMD) as the divergence measure in the distri-
bution matching guidance process. The choice of MMD distance offers two key advantages: (i)
sample complexity independent of ambient dimension for characteristic kernels, and (ii) closed-
form gradient computation enabling efficient optimization. More specifically, considering samples

{zti) B | at timestep ¢ with empirical distribution P, = = Zil d_» and reference distribution
t

~ N, g .

Q= NLT > it 521(_,‘) , the empirical squared MMD is:

1 B 1 N 9 B N, 4
VD, 0) = g 32 4L A7)+ g5 30 70— g 35 o)
= T =1 T =1 j=1

4.2 MMD-GUIDED SAMPLING IN DIFFUSION MODELS

We incorporate MMD minimization into the diffusion sampling process by modifying the reverse
trajectory with distribution-aware gradients. The MMD-guided sampling update will thus become:

. 2~
Zt(Z) = sampler( ¢ )7tu 69) - Atvz(i)MMD (Pt’ Q)’ (5)

where sampler(-) denotes any standard sampling scheme (e.g. DDPM or DDIM), and \; controls
guidance strength. Note that we subtract the MMD-squared gradient in the guidance process, as we
seek to minimize the MMD between distributions.

Remark 1. For computational efficiency, we perform MMD guidance directly in the latent space of

(r _

latent diffusion models (LDMs). Given reference images {JZ( )} we encode them once as z;

Jj=r
£ (x§ )) using the common VAE encoder of latent diffusion models (LDMs) (Rombach et al.| |2022).
This latent-space guidance offers two advantages: 1) computational efficiency of operating in a
lower dimension of the standard latent spaces of LDMs compared to the original space, 2) statistical
efficiency of the compressed latent representation capturing semantic structure while filtering pixel-
level noise, improving the signal-to-noise ratio for MMD estimation. Algorithm|[I|contains the main
steps of the MMD-guided diffusion sample generation in the latent space of an LDM.

For the gradient computation with respect to sample zt(i), only terms in the MMD-squared containing

( ) contribute non-zero gradients. Hence, assuming a differentiable kernel k, this approach yields:

N,
, 2) 2 NANORNG
VZt(z)MMD Pt, = 32 Zv ()k ) BNT Zlvzt(l)k 2ty ] )7 (6)
j=
intra-batch term cross term with references
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Algorithm 1: MMD-Guided Diffusion Sampling

Input: Reference data R = {:z:(T)} i1
Output: Generated samples {x(z)}f;l matching target distribution
Preprocessing: z(r) — E(x (T)) forall j € [N,]

Initialization: zT ~ N(0,I)forall i € [B];

fort =T to1do
for i = 1 to B in parallel do
Qt@l — sampler(zgi), t,€p)
, — 2
R v <'>MMD (P;,Q) // Compute via equation @

Zt(l)l A Zt — Mgt

batch size B, guidance schedule {\;}7_;, denoiser ¢p

return {z() = D(z(()’)) B,

where V) denotes the gradient with respect to the samples zii). For example, considering the
t

Gaussian kernel k(u,v) = exp(%) we will have have V, k(u,v) = k(“f) (v —u), yielding:

N,
Ty DY —29) + RO
V., oMMD (P, Q) = 02322 29z Z 20, A7) () —20).

Under the minimization update z <— z — \; vmﬁf the intra-batch term creates repulsion among
generated samples (promoting diversity), while the cross term creates attraction toward the reference
samples (encouraging distribution matching). Note that we primarily need the cross term to provide
a reliable gradient toward the target distribution, which we show in the following theorem.

Theorem 1 (Concentration of Cross Term in MMD Gradient). Consider sample space Z C R®. Let
k: Z x Z — R be a normalized kernel with k(z,z) = 1 for all z € Z. Suppose k is differentiable
and L-Lipschitz w.r.t. either input, i.e., |k(z,w) — k(z',w)| < L||z — 2'||, for all z,2',w € Z. Let
() }N

iid
Q be the target distribution on Z and let {z ~ @ be reference samples. For every zy € Z,
we define the population cross term and the empmcal cross term as follows

g:,m(zo) = -2 EZ’NQ[vzok(Z(h Z/)]v gcross ZO = -7 Z vzok 20, % ](T) . @)

Then for every § > 0, with probability at least 1 — § over the draw of reference samples we have:

~ " 4L
||gcross(20) - gcross(ZO)HQ S \/T <1 + 210g(1/6)> : ®)

Remark 2. Theorem [I|'s bound in (8) holds with probability at least 1 — 6. Over T iterations,
ensuring the bound at each iteration to holds with probability 1 — § /T and applying a union bound
implies, with probability at least 1 — 0, the bound holds simultaneously for all iterations 1 < i < T':

N . 4L
chross(zi) - gcruss(zi)HQ = \/7]\77 (1 + 210g(T/6)) : ©

Corollary 1 (Gaussian RBF Kernel Concentration). For the Gaussian RBF kernel k(x,y) =
exp(— Hx — y”i/Zag), the cross term satisfies the following with probability at least 1 — §:

~ « 3
chrosx(ZO) - gcross(ZO)Hz < W (1 + 210g(1/5)) . (10)

Theorem [I| provides pointwise concentration guarantees for a fixed latent point zy € Z. We extend
this result to obtain uniform concentration over the norm ball in the latent space, guaranteeing that
the MMD guidance gradient concentrates simultaneously for all latent vectors visited by the sampler.
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Theorem 2 (Uniform concentration of the gradients). Consider the setting of Theorem [I| and let
= {z € R? : ||lz]2 < R}. Suppose |V.k(z,w) — V. k(z',w)|la < L'||z — 2|2 for all
2,2, w € Z. For every 6 > 0, the following holds with probability at least 1 — &

igg ||/g\cross( ) — gcrOSS HQ > \/2 \/7(1 + \/Zdlog GRW) + 210g(1/5)>

5 PROMPT-AWARE MMD GUIDANCE IN CONDITIONAL DIFFUSION MODELS

Text-conditioned diffusion models can also be adapted to the distribution of a set of reference
(prompt,data) pairs. Here, we extend MMD guidance to this setting by defining a joint divergence
over the product space P x Z of prompts and latents. Our approach is to consider a product kernel
that decomposes similarity into semantic and visual components:

k@([p, Z]? [plvzl]) = kp(pap/) : kz(zazl)v (11)

where k,, : Px’P — R measures semantic similarity between prompt embeddings and k, : Zx Z —
R measures visual similarity between latents. As shown in (Bamberger et al., 2022;|Wu et al.,|2025)),
this product kernel corresponds to the tensor product feature map g (p, 2) = ¢p(p) @ @, () in the
product RKHS H,, ® H .. The induced MMD in this space captures distributional differences in both
modalities simultaneously.

Given generated pairs {(p;, zgl)) B | with distribution P, and reference pairs {( z(-r))}l-vj with

J Jj=1
distribution ) , the gradient with respect to z,g " factors through the product structure:

2 -
V. MMD, (P, Q) = = Z by (is )V o b (27, 27 - N Z b (i 27V 0 a2, 27).
Jj=1
(12)
The prompt kernel k,(p;, pg-r)) acts as an attention weight: reference samples with semantically
similar prompts contribute more strongly to the guidance signal. We present the steps of the resulting
prompt-aware MMD guidance for prompt-conditioned diffusion models in Algorithm 2}

6 NUMERICAL RESULTS

We evaluated MMD Guidance as a training-free adaptation method in two scenarios: (1) prompt-
free (unconditional) distribution alignment, (2) Prompt-aware adaptation for text-conditioned latent
diffusion models. In our evaluation, we consider the comparison against these baselines: (1) un-
guided diffusion sampling (No-Guidance), (2) classifier-free guidance (CFG) (3) classifier guidance
(CG), where we utilize a binary classifier trained to distinguish the user’s reference dataset from the
samples of the original diffusion model. We also report training-based baselines in Appendix

Models and Settings. We conducted the experiments on the prompt-free latent diffusion models
(LDM) (Rombach et al., [2022), and Stable Diffusion v1.4 (Rombach et al., [2022)). For prompt-
aware experiments, we used Stable Diffusion XL (Podell et al., 2023), and PixArt (Chen et al.,
2023). In all the cases, the guidance is applied in the latent space as we discussed in Remark 1}

Evaluation. We evaluated the generated samples based on fidelity and distributional coverage. For
fidelity, we measure Fréchet distance (FD) (Heusel et al.,2017)) and kernel distance (KD) (Binkowski
et all 2018)). For distributional coverage, we report Coverage/Density (Naeem et all, [2020), and
RRKE (Jalali et al., 2023). All metrics are reported as mean over 5 random seeds, and we used
DINOV2 (Oquab et al.| [2023) as the image embedding, following the study by |Stein et al.| (2023)).

6.1 MMD GUIDANCE FOR UNCONDITIONAL DIFFUSION MODELS

Synthetic datasets. We tested the MMD guidance and other baselines on synthetic data drawn
from a 8-modal Gaussian Mixture Model (GMM) with eight components. Figure |2| report metrics
on a simulated user with 200 data uniformly drawn from the four orange-colored components. As
reported in Figure [2] the MMD Guidance method led to the best FD and KD scores. Additional
experimental results on several other synthetic GMMs are presented in Appendix

Changing Mode Proportions in a Mixture of Gaussians. To examine whether MMD guidance can
correct a mismatch in mixture weights between the training distribution and a target reference dis-
tribution, we use an §-component GMM with uniformly weighted training samples. When sampling
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Figure 3: Effect of mode proportions in MMD guidance.

from the model without any guidance, they remain close to uniform and therefore do not match an
imbalanced target distribution. To define the reference distribution, we randomly select two mixture
components and sample their mixture weights from a Dirichlet distribution, yielding a highly im-
balanced mixture where one component dominates the other, and then apply MMD guidance using
samples from this reference distribution. As shown in Figure[3] MMD guidance not only steers sam-
ples toward the intended high-probability components but also closely reproduces the target mixture
proportions of the reference distribution. Numerical evaluations are included in Appendix[C]

Real-image datasets. We also tested the MMD Guidance on real image dataset benchmarks, in-
cluding FFHQ (Karras et al.} 2019), and CelebA-HQ (Karras et al., 2017), using pre-trained LDMs
of (Rombach et al.l [2022), and a mixture-type image dataset generated with Stable Diffusion v1.4
using the prompts car and bike under four different style variations (black-and-white, winter scenes,
sketch, and cartoon). We conducted experiments with two simulated users, each with 500 reference
samples of the FFHQ dataset of the following specific styles: (User 1) people wearing sunglasses
and (User 2) people wearing reading glasses. Table [I] reports the measured scores, where MMD
Guidance attained the highest fidelity and distributional coverage scores. The randomly generated
data for the qualitative evaluation are shown in Figure[d] which support the quantitative comparison.
The additional results on FFHQ and other datasets as well as ablation results are in Appendix [C]

6.2 PROMPT-AWARE MMD GUIDANCE

Prompt-aware MMD Guidance in LDMs. To further assess the effectiveness of MMD Guidance
in conditional diffusion models, we constructed a dataset where categories were paired with dis-
tinct visual styles: cats with anime, dogs with Van Gogh paintings, cars with Pixar animation, and
horses with cowboy movie styles. Prompts were generated using GPT-5, and the corresponding
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Figure 4: User’s samples and generated data by unguided/guided LDMs on the FFHQ dataset.

Table 1: Evaluation scores for samples generated on FFHQ using MMD guidance vs. baselines.

User Guidance FD | KD | RRKE |  Density (x102)1 Coverage (x10%) 1
No-Guidance-DM  1220.51 +131.78 8.21 +£1.79 1.73+0.16 74.18 +23.43 30.88 +11.48
User-Trained-DM 1004.71 +£51.23  8.50 £0.45 1.52+0.03 43.43 +5.70 57.96 + 1.60

Sunglasses Fine-tuning 747.69 £ 59.18 4.154+0.52  1.40+0.02 71.64 + 4.66 71.12 +£2.85
CG 1195.85 +£121.26 8.07+1.80 1.71+0.15 73.42 +23.67 27.24 +12.20

Domain Guidance 710.53 £+ 30.45 4.06 £0.16 1.43 +0.06 87.38 +15.07 75.44 + 2.71

MMD (Ours) 692.87 + 30.43 3.25+0.18 1.39+0.04 113.13 +9.36 79.08 + 1.54

No-Guidance-DM 702.83 £27.10 2.22+0.16 1.35£0.01 68.79 + 13.60 80.96 + 2.50

User-Trained-DM 1105.12 +53.03  7.54+0.29 1.47+0.01 59.14 +4.18 57.52+2.91

Reading-glasses Fine-tuning 732.91 £ 43.02 2.99+0.20 1.35£0.01 82.32 +4.47 73.40 +1.89
. CG 678.48 +21.16 2.16+£0.14 1.34+£0.01 70.12 +12.81 77.96 +1.28

Domain Guidance 667.56 £+ 21.04 2.08+0.13 1.34+0.01 75.74 +14.97 81.72 +2.30

MMD (Ours) 574.29 +£17.57 1.394+0.05 1.304+0.01 87.10 + 9.69 84.60 + 2.54

Table 2: Evaluation metrics for the synthetic dataset used in Figure (I} Comparison of SDXL and
PixArt with No-Guidance-DM vs. MMD Guidance.

Model Guidance FD | KD| RRKE| Density (x10%2)1 Coverage (x102)1
SDXL No-Guidance-DM  1953.75  3.57 1.93 5.63 11.34
MMD (Ours) 1674.45  2.49 1.79 18.01 34.20
PixArt No-Guidance-DM 135840  0.80 1.34 55.32 64.29
MMD (Ours) 1060.68  0.66 1.27 67.30 75.34

Table 3: Runtime analysis of MMD guidance vs. no guidance diffusion sample generation.

#Samples generated

Model Guidance 50 100 150 200 250 300 350 400 450 500
SDXL No-Guidance-DM 328 634 946 1258 1603 1914 2208 2516 2832 3142
MMD (Ours) 356 720 1036 1378 1722 2069 2404 2749 3112 3447
PixArt No-Guidance-DM 317 632 927 1282 1607 1852 2136 2435 2771 3063
MMD (Ours) 342 683 1018 1348 1685 2024 2352 2694 3019 3356

reference dataset was produced with SD-XL. We then evaluated MMD Guidance by sampling from
the diffusion model without explicitly specifying the styles. As shown in Figure [I] and Figure [T9]
in Appendix [C| the guided model successfully reproduced the visual characteristics of the target
distribution, while the unguided LDM produced samples with mismatched styles. Numerical scores
in Table [2| confirm this observation: RRKE, FD, and KD decreased, suggesting improved distri-
butional alignment, while Coverage increased, indicating improved diversity. To further evaluate
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Reference set

Stable Diffusion )ZL + MMD Guidance

Dogs Fishes

Figure 5: Qualitative comparison of reference set and MMD-guided image generation with SDXL.

Table 4: Evaluation metrics as a function of the number of reference samples.

# of reference samples Guidance FD | KDJ] RRKE|]

n=>0 No Guidance 1953.75  3.57 1.93
n =10 MMD 1805.92  2.7657 1.89
n = 50 MMD 1731.27 2.6882 1.83
n = 100 MMD 1691.42  2.5682 1.81
n = 150 MMD 1686.61 2.5301 1.80
n = 200 MMD 1674.45  2.4945 1.79

MMD guidance on prompt-aware LDMs, we extended our experiments by generating eight cate-
gories of animals and objects, each rendered in four distinct styles (10,000 images in total). For
each run, four categories were randomly selected, with one style assigned to each. Qualitative re-
sults are shown in Figure |5} where the MMD-guided SDXL samples closely match the reference
styles. Additional results are provided in Appendix [C]

Scalability and time complexity of prompt-aware MMD guidance. To evaluate the time com-
plexity of our proposed MMD guidance for LDMs, in Table [3] we report the cumulative time for
generating a group of n samples with and without MMD guidance for large-scale prompt-aware
LDMs using a 50-step diffusion process on an NVIDIA RTX 4090. The time values reported in the
table support the computational efficiency of MMD guidance in the latent space of LDMs.

Effect of the number of reference samples on the MMD Guidance. we have measured the norm
difference of the MMD gradient estimated with V,. samples (empirical) and with 10000 samples
(population estimate), and report the average Lo-norm errors over generating 1000 samples. As can
be seen, the estimate becomes highly accurate, even with 100 data points, which follows the choice
of MMD distance with the Gaussian and polynomial degree-3 kernels in our experiments.

Comparing MMD with Domain Guidance baseline. We compare the effectiveness of our method
against the Domain Guidance baseline (Zhong et al.} [2025) on the FFHQ dataset; here, guidance is
applied toward two user-specific subsets, each containing 500 images: one subset consists of images
of people wearing sunglasses, and the other wearing reading glasses. As Tables[T]indicate, the MMD
guidance consistently outperforms the Domain Guidance baseline across the reported metrics.

7 CONCLUSION

We presented MMD Guidance, a training-free adaptation method that enables diffusion models to
generate samples matching arbitrary target distributions specified through small reference sets. By
augmenting the reverse diffusion process with gradients of the Maximum Mean Discrepancy, our
approach achieves distribution alignment without modifying model parameters, a useful capability
when computational and data resources for retraining are limited. While MMD Guidance performs
well with a limited number of reference samples, extremely sparse scenarios with highly limited data
remain challenging due to variance in gradient estimation. The choice of kernel function may impact
the performance, and adaptive kernel selection could further improve robustness. Future work could
explore combining MMD with other divergences to leverage their complementary strengths, and also
extending the framework to video generation, where sequential consistency adds to the complexity.

10
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REPRODUCIBILITY STATEMENT

We have implemented several measures to facilitate the reproducibility of our work. All theoreti-
cal results are stated with assumptions and accompanied by proofs in Appendix A. The proposed
algorithms (Algorithms 1 and 2) are presented in detail, including their guidance update rules, to
enable re-implementation. Experimental settings, datasets, evaluation metrics, and runtime analyses
are described in Section 6 and Appendices B,C. To further facilitate reproducibility, we will release
an anonymous code for MMD Guidance as part of the supplementary materials.
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A  PROOFS

A.1 PROOF OF THEOREM[I]

Define the centered random vectors:

Y) = Vaok(20,28”) = Eong[Viok(z0,2)], j=1,...,N,. (13)

Since the reference samples zj(r) are drawn i.i.d. from () independently of how z; was generated, the
Y; are independent random vectors in R? with E[Y;] = 0 (following its definition) and HYJ ||2 <2L
almost surely, since H V2 k(20,+) ||2 < L by the Lipschitz property.

Applying the Hoeffding inequality for random Hilbert-Schmidt operators (Sutherland et al.,|2018),
we have the following to hold with probability at least 1 — ¢:

N,
1 2L 1
2

=1

Since Geross (20) — Giross (20) = — 7= Zjvz’"l Y;, the following will hold with probability at least 1 — §:

~ 4L o~
chross(ZO) - g:ross(ZO)HQ S \/T <1 + 210%(1/5)) . (15)

A.2 PROOF OF COROLLARY[I]

For the Gaussian RBF kernel, the gradient is V,k(z,y) = — 25 k(x,y)(x — y), yielding

2

H$ — y||2)
202

Setting ¢ = Haz — yHQ/(U\/i), this becomes (\/i/a)te_tQ. Since max;> te=t" = e 12 /2

(achieved at t = 1/+/2), we have the Lipschitz constant . = 1/(c+/e). Knowing that % < 3, we

can plug this Lipschitz constant into the assumption of Theorem [T} which yields the result.

[Vak(z,y)|l, = L ;yHQ exp(—

A.3 PROOF OF THEOREM[2]

The theorem follows from applying the following covering-number bound to the result of Theo-
rem|[l] Consider a positive £ > 0, and let C. be an e-covering net of Z in the /5 metric. Every z € Z
has a representative 2’ € C. with ||z — 2|2 < e. For a Euclidean ball of radius R, a well-known
covering number bound of the fo-ball is |C.| < (6R/e)<.

For a fixed z € C., Theorem [I] provides the following pointwise bound to hold with probability at

least 1 — n:
4L 1
m(l + \/2logﬁ)

Choosing 7 = ¢/|Cc| and applying the union bound across all z € C., we conclude that with
probability at least 1 — 6,

4L
Across — g* < —— (1 21 |C5|).
géac); ||g (Z) gcross(Z)HQ < m( + og 1%

To extend this guarantee from the net to the entire ball, consider an arbitrary 2y € Z and its nearest
covering net point z’ € C. which by definition satisfies ||zp — 2’||s < e. The deviation can be
decomposed as follows using the triangle inequality:

||§cross(z) - g:ross(z)HQ <

|’§C!'OSS(ZO) - g:ross(zo) H2

S H/gcross(zO) - /g\cross(Z/)HQ + H/g\cross(zl) - g:ross(zl)”2 + |

g:ross(zl) - g::kross(zo) H2
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The middle term is controlled by the union bound over the net. The first and last terms follows from
the Lipschitz constant of V. Thus,

N,
~ ~ 2 r
||gcross(20) _gcross ||2 - Z Vzok 20, % ] )_ vz’k(zlvz](‘ )))
r j=1
2
2
/ /
< E;L lz0 = 2'|l2

< 2L,

and similarly ||g2. o (2") — 92085 (20)]|2 < 2L'e. Combining these inequalities, we obtain
N . AL C
[|Geross(20) = Givoss(20) ||, < m( +4/21log ‘) +4Le.

Substituting |C.| < (6R/£)? and choosing £ = 1/+/N,. completes the bound. The proof is therefore
complete.

A.4 PROOF OF COROLLARY 2]

Corollary 2. For the Gaussian RBF kernel k(x,y) = exp(—|lz —y||3/(202)) on Z = {z : ||z]]2 <
R}, with probability at least 1 — 6,

. . 24
U [Geons(2) ~ s (2o < (14 thog P 4 10g §)

Proof. For Gaussian RBF, ||V k(z,y)||2 = Mk(m y) < 1/(o+/e), giving L = 1/(o+/e). The
Hessian is

g

Vik(z,y) = (% - i)’f(x Y),

whose operator norm is maximized when ||z — y||3 = 02, leading to || V2k(z,y)|op < 2/(02\/€).
Thus L' = 2/(0?/e). Substituting into Theorem s final inequality gives the bound in the corol-
lary. O

A.5 PROOF OF THEOREM[3]

Theorem 3 (Concentration for Weighted Cross Term in Product Kernel). Let P C R% and Z C
R be compact. Letky, : P x P — [~1,1] and k, : Z x Z — [—1, 1] be normalized kernels with
kp(p,p) = k.(2,2) = 1. Assume k is L, Lipschitz continuous in its first argument. Let Q x II'
2

oy )
V2 )}Nj ~ Q x Il be reference samples. For a pair

be the target joint distribution and let {(pj i

(po, 20) € P X Z, we define

Geross, (D0, 20) = *QE(p' m@xtl [Bp (o, D)V 2 k= (20, 2)],

gcross®(p0720 __7216 pOap] vzgk (207 ]())

Then for any 6 € (0,1), with probability at least 1 — & over the draw of reference samples:

. . 4L,
chmss,@(po, ZO) - gcross7®(p07 ZO)||2 S \/JT <1 + 2 log(]‘/a)) °

Proof. We define the centered random vectors

W =k (pOap] )vzok (207 J( )) - E(p’,z’)NQXH’ [kp(pOap/)vzokz(ZOaz/)]a .7 = 17 . -aNr-
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Since the reference pairs (pg ), j( )) are drawn i.i.d. from @ x II' independently of how (po, 2¢)

was generated, the WW; are independent random vectors in R% with E[WW;] = 0 (by construction)

and ||W; ||, < 2L. almost surely, since k;, € [—1,1] and ||V, k=(z20,-)||, < L-.

Applying the Hoeffding inequality for Hilbert-Schmidth operators (Sutherland et al.|[2018), we have
the following with probability at least 1 — §:

1 o 2L
— A < 2 (1 2log(1/6) | . 17
W V| = g (1 el o
= 2
Since Geross,® (P0, 20) — Goross, (P0> 20) = —]\% Zjvz’l W, the above inequality will result in the
following to hodl with probability at least 1 — §:
. . AL,
chross,@)(pOa ZO) - gerosg,@(p07 ZO)H2 < \/T (1 + 210g(1/5)> . (18)
O]

Corollary 3 (Product Kernel with Gaussian RBF). For the product kernel kg ((p, z), (p’ ) =
kp(p,p') - k.(2,2") where k, is the Gaussian RBF kernel with bandwidth o and k, € [—1,1], the
weighted cross term satisfies with probability at least 1 — §:

~ N 3
chmss,®(p07 ZO) - gcross,@(p()a ZO) HQ S Oim <1 + 2 1Og(1/6>> . (19)

Proof. From Corollary (I} the Gaussian RBF kernel has Lipschitz constant L, = 1/(a+/e). Apply-
ing Theorem [3]directly gives the stated bound. O

B ALGORITHMIC DESCRIPTIONS

Here, we present Algorithm [2] for prompt-conditioned MMD guidance of diffusion models.
We recall that given generated palrs {(ps, 2 ())

{(pgr), J(T))}N with distribution Q the empirical squared MMD in the product space for gradi-

ent calculation is:

~, with distribution P, and reference pairs

1 B B » 1 N, N,
MMD, (P Q) = 25 >0 klpispi e (1 27 + 1 (0 o ks (247, 200)
i=114'=1 T j=1j'=1
9 B N,
— g 2 2 ki p k(27 27, (20)
T =1 Jj=1

C ADDITIONAL NUMERICAL RESULTS

In this section, we provide additional numerical results for the MMD Guidance method. For all ex-
periments the MMD Guidance scale is chosen via grid search on a held-out validation split using FD.
For all non-text GMM guidance experiments on real images, we used MMD with cubic polynomial
kernel.

Experiment settings on GMM. We evaluated the methods listed in Table[5]in the following setting.
We reported results on three users that each has three random components (similar to Figure[7). Each
component in a user has 50 data points. We applied MMD with an RBF kernel, using bandwidth 1
for the 8-component GMM and bandwidth 4 for the 25-component GMM (since it is more aligned
with data from the Gaussian mixtures). The guidance scale is in order of 10~!. For the CG baseline,
we trained a linear classifier (single FC layer).

Additional results on synthetic data. Similar to Figure 2| we compare our method to the baselines
with different number of components for users, in Figures [/} and Additionally, we evaluated
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Algorithm 2: Prompt-Aware MMD-Guided Sampling

Input: Reference pairs {(py), x

")
i)

N,
j=1

Output: Generated samples {2(} 2 | matching prompts and reference style

Preprocessing:

A7 &) forall j € [N,]

pi < CLIPyey (prompt;) for all ¢ € [B]

Compute K” = kp(pi,py)) foralli € [B],j € [N,]
Initialization: z(TZ) ~ N(0,I) foralli € [B];

fort =T to1ldo

for i = 1 to B in parallel do

2

(

1 sampler(zti)7 t, €0, i)

. 2
g sz)MMD® using precomputed K;; // Using equation

prompts {prompt, }2 |, guidance schedule {\;}1_,

(1) =(4) i).
220 =2 = g
i 7
return {z() = D(z{")} 2,
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Figure 6: Comparison of MMD Guidance with baselines on 100-D Gaussian distributions, when
guiding toward a user with 3 Gaussian components.
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Figure 7: Comparison of MMD Guidance with baselines on 100D Gaussian distributions, when
guiding toward a user with 3 Gaussian components.

metrics on three users under 8-component and 25-component GMM settings, computing all metrics

18
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Table 5: Evaluation metrics for samples generated from three users, using 8, and 25 Gaussian com-
ponent synthetic data.

8 Gaussian Component

25 Gaussian Component

User Guidance FD | KD(x10%) | RRKE | FD | KD(x10%) | RRKE |
No-Guidance-DM ~ 7.04 £0.002 14242 +0.07 2.314+0.001 77.70 £ 0.015 330.91 +£0.28 2.073 £ 0.001
User-Trained-DM ~ 27.90 £ 0.009 219.64 +0.14 64.135+0.103 47.36 = 0.026  260.39 +0.35  1.803 = 0.000

User 1 Fine-tuning 0.48+£0.001 27.864+0.10 1.051+£0.001 4.72+£0.004 16.65+0.11  1.290 = 0.000
; cG 0.944+0.002 24.13+£0.10 1.2194+0.001 32.68+0.006 81.31+0.17 0.398 £ 0.000
CFG 0.97+0.001 136.06+£0.11 4.833+0.003 7.794+0.007 134.12+0.31 0.270 & 0.000
MMD (Ours)  0.37+0.001  17.02+£0.08 1.204+0.002 3.56+0.003  9.52+0.07  0.231 % 0.000
No-Guidance-DM  7.46 £0.004  153.98£0.16 2.080 & 0.003 95.58 +0.034 417.04 +0.65 2.356 & 0.000
User-Trained-DM ~ 32.04 £ 0.008 217.24 +£0.24 76.478 £0.037 88.33 £ 0.020 260.85+0.49 2.411 + 0.001
User 2 Fine-tuning 1.06+£0.002  40.19+£0.10 1.231+£0.001 33.97+0.022 135.06+0.36 1.557 & 0.000
CG 11240001 29.234£0.09 1.192+£0.002 41.794+0.015 122.15+0.38 0.482 & 0.000
CFG 1.76+£0.002 194.16 £0.24 11.096 £0.009 12.56+0.015 152.69 +£0.43 0.341 = 0.000
MMD (Ours)  0.33+£0.001  16.54+0.06 1.245+£0.002 2.844+0.003  9.00+0.08  0.246 = 0.000
No-Guidance-DM  8.30 £ 0.004 167.47 £0.15 2.376+0.003 87.63 +0.023 378.38+£0.31 2.107 £ 0.001
User-Trained-DM ~ 39.00 £ 0.008 224.98 +0.20 80.293+0.034 78.56 +0.022 284.06 +£0.28  2.362 & 0.001
User 3 Fine-tuning 11140.002  41.06+£0.07 1.295+0.002 6.97+0.008 26.66+0.14 1.263 & 0.000
CG 12440002 32594011 1.110+£0.001 71.95+0.015 407.94+0.41 0.531 % 0.000
CFG 2.2040.002 197.11+£0.19 12.831+0.011 9.49+£0.010 148.67£0.37 0.257 % 0.000
MMD (Ours)  0.64+0.001  14.46£0.09 1.258+£0.001 1.85+0.004 7.65+£0.09  0.236 = 0.000
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Figure 8: Comparison of MMD Guidance with baselines on 100D Gaussian distributions, when
guiding toward a user with 2 Gaussian components.

on 1,000 generated samples per method. As shown in Table [5] across both mixture complexities,
the MMD Guidance consistently achieves the lowest FD, KD, and RRKE in most cases. Figure 0]
illustrates the effectiveness of our method in GMM settings of 8 and 25 components.

Prompt-aware GMM. Prompt-aware synthetic GMM. To simulate the text—style experiment in
a controlled setting with known ground truth, we considered a prompt-conditioned GMM, in which
the prompt corresponds to the number of the Gaussian component in the GMM. In this setup, a
user provide few-shot references for selected prompts; for each prompt, the user samples share the
same component mean but have different variances, simulating style shifts. As shown in Figure[6]
the guided sampler allocates mass to the correct components for the queried prompts and respects
their local geometry, component variance, and also preserves the target mixture ratios across compo-
nents. In comparison, the unguided model only generates samples with respect to the means, ignores
variance differences, and does not follow the intended proportions.

Also, we generated the results in Figure [ under the following setup. We construct a synthetic user
with data—prompt pairs drawn from a four-component GMM. The user distribution includes prompts
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Figure 9: Effect of MMD on Gaussian mixture models with 8 and 25 components. The first row
shows results for 8 components; the second row shows 25 components. Column labels denote
unguided diffusion and two MMD guidance targets.

Table 6: Evaluation metrics for samples generated on FFHQ for local training and fine-tuning.

User Guidance FD | KD | RRKE | Density (x 10%) 4 Coverage (X 10%) ¢
User-Trained-DM  1004.71 £51.23 8.50 £0.45 1.524+0.03 43.43+5.70 57.96 £ 1.60
Sunglasses Fine-tuning 747.69£59.18  4.15+0.52 1.40+£0.02 71.64 £ 4.66 71.12 £2.85
MMD (Ours) 692.87+£30.43 3.25+0.18 1.39+0.04 113.13 £9.36 79.08 4 1.54
User-Trained-DM  1105.124+53.03 7.54+£0.29 1.47£0.01 59.14 £4.18 57.52£291
Reading-glasses Fine-tuning 732.91+43.02 2994020 1.35£0.01 82.32 £4.47 73.40 £1.89
MMD (Ours) 57429+ 1757 1.39+0.05 1.30+0.01 87.10 +9.69 84.60 £ 2.54

“one” and “thirty nine”, but with a user-specific target variance within the corresponding mixture
component. As shown in Figure[6| MMD Guidance reproduces both the correct components and the
target variance (style), where the No-Guidance-DM model selects the right component but does not
match the variance.

Experiment settings on FFHQ. We evaluated the methods listed in Table || using the following
setup: Each user contains 500 images from the FFHQ dataset. (i) a user who has images of people
wearing sunglasses; (ii) a user whose images predominantly feature people wearing reading-glasses.
The user images were passed through the LDM AutoEncoder to construct the features used for the
MMD Guidance in latent space. In FFHQ experiments, we generated samples using pretrained LDM
weights and a DDPM sampler. The MMD Guidance scale is in order of 10~%, and all metrics are
computed on 500 generated samples per method. For the CG baseline, we trained a classifier with
an Inception v3Szegedy et al.| (2016)) backbone and a linear classification head.

Additional results on FFHQ. We also compare our method to baselines that require additional
user-specific training (User-Trained-DM and fine-tuning). Table E] shows that, across both users,
the MMD Guidance outperforms these baselines. Beyond superior results, MMD Guidance is sub-
stantially more efficient in both time and compute, as it does not require any per-user training. In
practice, the additional cost is negligible compared to unguided sampling (more details in Runtime
Analysis). Furthermore, since these baselines are trained on a very small per-user subset (500 im-
ages), the diffusion model is prone to overfitting; in particular, the User-Trained-DM baseline shows
clear memorization of the training data, as illustrated in Figure

Experiment settings on CelebA-HQ. We conducted experiments on two users derived from a
CelebA-HQ subset to capture specific styles: one with 500 images of people with blond hair and
one with 500 images of people with black hair. The user images were passed through the LDM
AutoEncoder to construct the features used for the MMD Guidance on latent space. For CelebA-
HQ experiments, we generated samples using pretrained LDM weights and a DDPM sampler. The
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Figure 10: Comparison of MMD Guidance with training baselines on FFHQ dataset.

Table 7: Comparison metrics for samples generated on CelebA-HQ using MMD versus the base-
lines.

User Guidance FD | KD | RRKE |  Density (x10%)+ Coverage (x10%) 1
No-Guidance-DM  665.99 +22.26 2.61 £0.38 1.32+0.01 94.68 £+ 4.55 83.62 +6.96
User-Trained-DM  921.55 + 18.76 5.70 +0.39 1.41 +0.01 86.16 £ 7.95 70.09 £ 3.31

Black-haired Fine-tuning 817.17+14.97 4.86+0.40 1.37+0.01 89.38 £ 1.26 75.26 £+ 4.40
CG 628.59 +14.52 2.18 £0.30 1.30+£0.01 108.02 £ 5.76 91.14 +2.42

MMD (Ours) 627.57 +£18.20 2.06 £0.28 1.30£0.01 104.64 + 4.54 90.75 4+ 2.95
No-Guidance-DM  668.17 +24.25 2.99 £0.23 1.44+0.02 66.82 +9.52 82.69 +4.42
User-Trained-DM  779.93 +14.70 4.75+0.21 1.49+0.01 60.30 £+ 8.27 66.39 £+ 3.40

Blond-haired Fine-tuning 640.63 +13.07 4.04 £0.07 1.40£0.01 89.50 £ 11.32 69.56 +4.77
CG 663.36 +=24.96 2.88+0.23 1.44+£0.02 67.58 +10.14 85.05 +5.16

MMD (Ours) 637.31 +£27.12 2.284+0.20 1.41+0.02 80.98 £+ 11.56 89.72 £ 3.50

MMD Guidance scale is in order of 10~°, and all metrics are computed on 200 generated samples
per method. For the CG baseline, we trained a classifier with an Inception v3[Szegedy et al.| (2016)
backbone and a linear classification head.

CelebA-HQ results. We computed the evaluation metrics on CelebA-HQ and compared them with
No-Guidance-DM, CG, fine-tuning, and User-Trained-DM in Table[7} Across both user groups, the
MMD Guidance achieves the strongest overall performance. Similarly to FFHQ, the limited per-user
data (500 images) leads the User-Trained-DM baseline to overfit (memorize user data). Qualitative
comparisons are also provided in Figure[TT]

Experiment settings on Stable Diffusion v1.4. We evaluate the methods in Table [§] under the
following setting. We use Stable Diffusion v1.4 at 512x512 resolution with 50 inference steps. For
each image style (winter, black-and-white, sketch, cartoon), we first generate 200 images using the
prompts “bicycle in winter time”, “black and white photo of a bicycle”, ’sketch of a bicycle”, and
“cartoonish bicycle”, with a fixed classifier-free guidance (CFG) scale of 5. During MMD Guidance,
we use the prompt “bicycle”. Figure [I2]illustrates the effect of MMD Guidance on the generated
styles. For SD v1.4 experiments, the MMD Guidance scale is on the order of 10~2, and all metrics
are computed on 500 generated samples per method. The same setting is used for the results in
Table [0] except that all prompts (for both the user construction and guided generation) use “car”
instead of bicycle”. The qualitative results are included in Figure[I3]

Ablation study on MMD Guidance scale and MMD kernel. Figures[[4] T3] and [T6|analyze the
effect of the kernel choice and the MMD Guidance scale « on FD and KD. The comparisons use
black-and-white images from the bike-user experiments with Stable Diffusion v1.4. It is evident
from these results that polynomial kernels (d € {2,3,4}), and RBF kernels (o € {1.25,1.5,2})
follow very similar FD/KD curves, and the optimal « appears in the same range. At the best «,
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with No-Guidance-DM vs. MMD Guidance.
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Figure 11: Comparison of MMD Guidance and baselines on CelebA-HQ dataset.
Table 8: Evaluated metrics for Bike. Each block shows a user (Cartoon, Winter, B/W, and Sketch)

User Guidance FD | KD | RRKE |  Density (x10%) + Coverage (x10%) 1
B/W No-Guidance-DM 354.30 £ 8.76 3.83+£0.19 1.43+0.02 43.56 £ 3.57 69.18 + 2.42
MMD (Ours) 241.40 £9.30 1.96+0.13 1.324+0.01 63.62 +4.04 82.22 4+ 2.98
Winter No-Guidance-DM  1147.48 +33.88 12.60 +0.38 1.84 +0.03 9.28 +£4.50 6.45 £+ 0.63
MMD (Ours) 1140.07 £ 33.84 12.99 +0.37 1.82+0.02 12.32 £6.31 6.73 £0.88
Cartoon No-Guidance-DM  1583.38 £9.88  22.03 +0.27 2.56 + 0.04 53.63 +9.26 6.06 £ 0.67
MMD (Ours) 1516.45+11.97 21.43+£0.27 2.54+£0.04 46.99 + 10.93 8.08 £0.65
Sketch No-Guidance-DM 949.10 £ 7.68 17.40 £0.30 2.53 +0.06 0.02 £0.04 0.124+0.18
MMD (Ours) 703.12+ 7.35 12.42+0.24 1.99+0.03 2.62+0.71 9.57 £2.32

Table 9: Evaluated metrics for Car. Each block shows a user (Cartoon, Winter, B/W, and Sketch)

with No-Guidance-DM vs. MMD Guidance.

User Guidance FD | KD | RRKE |  Density (x10%) 1 Coverage (x10?) 1
pw  No-Guidance-DM  1487.97 £47.90 ~ 9.0740.60 1.74£0.05 59.41 4 4.56 50.02 & 3.42
MMD (Ours) 1242.00 £46.46  6.94+0.56 1.6240.04 55.76 & 3.98 55.62 & 2.27
Winter  No-Guidance-DM 139450 +£33.74  8.41£0.39  1.78 £0.03 11.04 +2.74 11.82 +2.01
MMD (Ours) 1127.11 £28.07 6.824+0.37 1.6240.03 15.92 & 1.52 20.88 4 1.30
Cartoon  No-Guidance-DM  2222.78 +:13.54  16.80 £ 0.15  3.35£0.05 1.72 + 1.09 1.36 4 0.56
MMD (Ours) 1826.11 £14.44 14.00 £0.18 2.7440.04 2.75+£1.15 4.06 £ 0.86
Sketch  No-Guidance-DM  1268.91£23.54  8.774£0.25  1.75£0.03 4.88+1.30 5.80 + 0.861
MMD (Ours) 1207.64 £26.41 829+0.24 1.71+0.03 7724212 9.10 + 1.42

polynomial d=3 is marginally better on metrics than the RBF choices, but the gap is very small.
Moreover, across all settings, performance improves as o increases from O up to a small range
and then starts to drop. However, the overall results shows that the MMD Guidance is not highly

dependent on the choice of guidance parameters or kernel.
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Figure 12: MMD Guidance on synthetic Bikes data using SD v.14.

Ambient space MMD Guidance. The previous experiments apply MMD Guidance in the latent
space, we additionally applied MMD Guidance on ambient space using features, extracted from the
Inception v3 (Szegedy et all, 2016) and computing MMD in that feature space. For these experi-
ments we used AFHQ datasets.

Experiment settings on AFHQ. We evaluated the metrics listed in Table[T6] We conducted exper-
iments on three users derived from AFHQ classes, each with 500 images of dogs, cats, and wild.
The user images were passed through the Inception v3 to construct the features used for the MMD
Guidance on ambient space. Figures [I8]depict extra qualitative results for the MMD Guidance for

23



Under review as a conference paper at ICLR 2026

MMD

4 -
2 (=
a 1/
- ! g
—.I_E
| 1o
g 1
g 9
= 1§
o L B

'

L8

=

(=]

' B
B

I
S

'
= |

'
m:h

=

|E

]

]

]

R e O T e, T, T A8 L L . . 5 S S T I T S S S S O Pk o B B R R N I, e

PEEaes

]

Log

-

=
b N
@ 1 &
=R
=
=
= !
=
;,:I‘
Eu:
Q ' =

=

I

I

I

I

I

I

I
w !
- 1
®
&
= !
e |
[T |
T !
ﬂl
o 8

[

]

'

1

e e e e -

I

e

=

I =]

I ™
2
O
[ — |
=
N
@ |
== 1
o

I

'

1

1

1

Figure 13: MMD Guidance on synthetic Cars data using SD v.14.

these users. For AFHQ experiments, we generated samples using weights from [Daras et al.| (2023).
The MMD Guidance scale is in order of 10~!, and all metrics are computed on 500 generated sam-
ples per method. Table [I6] compares the evaluation metrics with the No-Guidance-DM baseline to
assess the effectiveness of our method.

Effect of the number of reference samples on the MMD Guidance. To assess how the number
of available reference sets influences the effectiveness of MMD, we evaluated our method under
varying sample sizes for FFHQ and GMM datasets.
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Figure 14: Effect of MMD Guidance scale a with polynomial kernels of degree d € {2, 3,4} on FD
and KD metrics.

340

3.51
320 1
a A 30
T Z 3.0
300
280 1 2.51
260 +— T T T T T T T T T
0 0.03 0.04 0.05 0.06 0 0.03 0.04 0.05 0.06
a a

Figure 15: Effect of MMD Guidance scale o with RBF kernels of o € {1.25,1.5,2} on FD and KD
metrics.

Table 10: Evaluation metrics as a function of the number of reference samples for the Sunglasses
user of FFHQ dataset.

# of ref. samples Guidance FD | KD|] RRKE]
n=>0 No-Guidance-DM  1004.71  8.21 1.73
n =10 MMD 886.41 5.67 1.55
n = 50 MMD 736.69  3.78 1.44
n = 150 MMD 719.37  3.59 1.41
n = 250 MMD 71048  3.33 1.41
n = 400 MMD 696.07  3.29 1.38
n = 500 MMD 692.87  3.25 1.39

FFHQ setting: We subsample the sunglasses reference set to 10, 50, 150, 250, 400, 500 examples
and compute all evaluation metrics. As expected, table |10 depicts that the performance improves
significantly in compare to no guidance after only 50 reference samples and it converges shortly
after.

GMM setting: We study the effect of the number of reference samples using a synthetic GMM
dataset with both 8, and 25 components. The reference set is drawn from 3 randomly selected
components and further subsampled to obtain reference sets of sizes 5, 25, 50, 100, 150. We compute
all evaluation metrics for each setting. As shown in Table[TT] the performance converges rapidly,
with little to no improvement beyond 50 reference samples.
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Figure 16: Comparison of RBF (o = 1.5) vs. Polynomial (degree d = 3) under varying MMD
Guidance scale a on FD and KD metrics.

Table 11: Evaluation metrics as a function of the number of reference samples for 8- and 25-
component Gaussian mixtures.

8 Gaussian Component 25 Gaussian Component
# Ref. Samples Guidance FD| KD(x10%)] RRKE| FD| KD(x10%)] RRKE]
n=0 No-Guidance-DM  7.04 142.42 2.31 77.70 33091 2.073
n=>5 MMD 4.62 65.17 1.45 29.63 79.72 0.81
n =25 MMD 0.49 29.72 1.33 493 22.66 0.33
n =50 MMD 0.38 24.51 1.30 3.52 9.49 0.23
n = 100 MMD 0.34 23.33 1.22 3.69 11.25 0.25
n = 150 MMD 0.37 17.02 1.29 3.56 9.52 0.23

Table 12: Evaluation metrics as a function of the number of reference samples.

# of ref. samples FD | KD| RRKE ]

n =10 1715.86  1.5944 1.98
n = 50 1709.59  1.5498 1.92
n = 100 1693.35 1.5082 1.81
n = 150 1681.33  1.4887 1.79
n = 200 1679.69 1.4534 1.76

Table 13: Comparison of SDXL variants with and without MMD guidance.

Model FD| KD| RRKE]

SDXL (No-Guidance-DM) 1734.25 1.5536 1.84
SDXL + MMD Guidance (clean reference) 1678.24 1.4429 1.76
SDXL + MMD Guidance (separate steps) 1648.95 1.4405 1.62

Applying MMD guidance and denoising process separately. We conducted an experiment in
which MMD guidance was applied separately from the denoising process. We performed five MMD-
guidance steps every ten diffusion timesteps. As shown in Table T3] this modification yielded im-
proved MMD-guidance performance compared with the original simultaneous-guidance approach.

Computing MMD guidance with noisy reference sample. Prompt-aware results: We compared
computing MMD guidance with clean reference samples and with the latent vector of the reference
sample at time step ¢. Suggested by the results in Table[I4] we observe that using the latent vector
of the noisy reference sample at time-step ¢, achieves comparable results to using clean references.

MMD Guidance for adapting highly different domains. To test MMD guidance in highly dif-
ferent domains, following Somepalli et al.| (2024)), we used two distinct painting styles, Klimt and
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Table 14: Comparison of SDXL variants with and without MMD guidance.

Model FD | KD|] RRKE]
SDXL (No-Guidance-DM) 1734.25 1.5536 1.84
SDXL + MMD Guidance (noisy reference at timestep t) 1725.56  1.5487 1.79
SDXL + MMD Guidance (clean reference) 1678.24 1.4429 1.76

Klimt Painting Style

Reference set

SDXL
(No Guidance)

SDXL +
MMD Guidance
(Ours)

Figure 17: Caption

Franz Marc, as the reference set and applied MMD guidance to adapt the distribution of samples
generated by SDXL. To quantitatively measure the domain gap between SDXL outputs and the ref-
erence set, we computed Recall and Coverage, obtaining values of 0.34 and 0.12, respectively. In
the following Table, we report results with/without MMD guidance.

Effect of Reference Mixture Weights on Mode Proportions. To address whether guidance can
adjust mixture proportions, an additional experiment was conducted on the synthetic mixture-of-
Gaussians setup. A diffusion model was first trained on data where all Gaussian components had
equal mixture weights, yielding a uniform distribution over modes. As a baseline, samples generated
without any guidance (second panel) reproduce this uniform mixture and do not reflect any target
reweighting.

To simulate a non-uniform target distribution, reference samples were drawn from a mixture whose
component weights were sampled from a Dirichlet distribution with parameter (1,10) over the de-
picted components, thereby concentrating mass on a subset of modes. As depicted in Figure [3]
after applying MMD-Guidance at sampling time, the guided diffusion model successfully shifted
its outputs to match these reweighted proportions: the generated samples predominantly occupy
the emphasized component, and their relative frequencies closely track those in the reference set.
This demonstrates that the proposed guidance mechanism can meaningfully steer mode proportions
using only a small, reweighted reference sample set. Table [I5] provides numerical proofs for this
observation. After generation, each sample is assigned to the closest GMM component using a
k-nearest-neighbor classifier.

Additional qualitative results for Prompt-based diffusion models. We conducted experiments
on Pixar animated cars and Cowboy animated horses using Pixart- diffusion models, similar to the
settings shown in Figure[T] as illustrated in Figure[T9] This comparison evaluates image generation
via a text-conditioned latent diffusion model (LDM) with and without guidance. The LDM (Pixart-
3) employing our proposed MMD guidance, based on 100 reference samples of “car” and “horse”
images, effectively captures the visual format of the target distribution. In contrast, the unguided
LDM outputs exhibit stylistic differences from the target model.

D STATEMENT ON LLM USAGE

LLMs were used only for proofreading and polishing the writing. All research ideas, theoretical re-
sults, algorithms, experiments, and analyses were executed by the authors without the use of LLMs.
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Table 15: Effect of mode proportions in MMD guidance on the number of samples in each GMM
component.

Guidance 1 2 3 4 5 6 7 8

Reference sample 90% 10% 0% 0% 0% 0% 0% 0%
No-Guidance-DM  12% 12% 11% 18% 12% 10% 13% 12%
MMD 8% 12% 0% 0% 0% 0% 0% 0%

Original CDM

No Guidance

Samples

,__________
MMD S S

Samples

MMD

Samples

MMD

Figure 18: MMD Guidance on AFHQ dataset.

Table 16: Evaluation metrics for AFHQ with No-Guidance-DM vs. MMD Guidance.

User Guidance FD | KD | RRKE |  Density (x10%)+ Coverage (x102) 1
Cat No-Guidance-DM  1154.87 +231.71 3.16 +£1.17 1.37£0.10 44.70 £ 20.08 38.16 + 2.99
MMD (Ours) 1030.14 +£208.31 2.85+1.02 1.334+0.08 42.81 +18.25 43.08 +2.37
D No-Guidance-DM  1309.05 + 271.71  2.55+0.56 1.40 £ 0.08 42.21 +£10.34 60.96 4+ 7.94
02 MMD (Ours) 1147.64 +£203.07 1.91+£0.36 1.36+0.06 42.50 + 7.47 63.60 + 5.38
Wild No-Guidance-DM  1301.12 +176.96 4.69 +1.26 1.39 £ 0.06 41.87 +16.39 21.64 +6.46
MMD (Ours) 1052.44 £115.79 3.454+0.90 1.324+0.04 35.47 +14.14 24.96 +6.21
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- Reference _Set
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iter. #82
SNy

PixArt-Z + MMD Guidance (Ours)

iter. #72

iter. #82 iter. #91
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I Prompts: #9: Horse tied outside saloon. #29: Cowboy horse standing in storm. #53: Horse :
I near old wooden barn. #60: Car parked near hot spring. #72: Tiny red car at playground. #82: :
1

1

| Car racing past festival stalls. #91: Race car on the road. #95: Horse near desert canyon river.

Figure 19: Comparison of Pixart-¥ image generation with and without MMD guidance, showing
style differences in unguided LDM outputs from the target distribution of “car” and "’horse” images.
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Guidance)

ishes

Stable Diffusion XL + MMD Guidance

Dogs Fishes

Figure 20: Qualitative comparison of reference set and MMD-guided image generation with SDXL.
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Stable Diffusion XL (No Guldance)
Al

O‘:- & L“‘\

Fishes

Stable Diffusion XL + MMD Guidance

Fishes

Figure 21: Qualitative comparison of reference set and MMD-guided image generation with SDXL.
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