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Figure 1. Our method unveils the Mental Averages encoded by pre-trained diffusion models across diverse concepts (left) and generalizes
across different model variants (right), offering new tools for analyzing model biases and interpreting learned concept representations.

Abstract

Can a diffusion model produce its own “mental average”

of a concept—one that is as sharp and realistic as a typical

sample? We introduce Diffusion Mental Averages (DMA),

a model-centric answer to this question. While prior meth-

ods aim to average image collections, they produce blurry

results when applied to diffusion samples from the same

prompt. These data-centric techniques operate outside the

model, ignoring the generative process. In contrast, DMA

averages within the diffusion model’s semantic space, as

discovered by recent studies. Since this space evolves

across timesteps and lacks a direct decoder, we cast aver-

aging as trajectory alignment: optimize multiple noise la-

tents so their denoising trajectories progressively converge

toward shared coarse-to-fine semantics, yielding a single

sharp prototype. We extend our approach to multimodal

concepts (e.g., dogs with many breeds) by clustering sam-

ples in semantically-rich spaces such as CLIP and apply-

ing Textual Inversion or LoRA to bridge CLIP clusters into

diffusion space. This is, to our knowledge, the first ap-

proach that delivers consistent, realistic averages, even for

abstract concepts, serving as a concrete visual summary

and a lens into model biases and concept representation.

Please visit our project page: https://diffusion-
mental-averages.github.io

1. Introduction
When most people imagine a bird, they picture something
small and ordinary, perhaps a sparrow rather than a large os-
trich or the exotic Nene. That mental prototype reflects our
exposure, preferences, and cultural context. Diffusion mod-
els can generate countless variations of a single concept, yet
one might ask whether they, too, hold a single “mental av-
erage” that defines what they consider typical. Visualizing
such prototypes provides a tangible summary of a prompt,
reveals biases in the model and its training data, and offers
new ways to analyze or steer its generative behavior.

To create a concept prototype learned by diffusion mod-
els like StableDiffusion [76], we can begin by generat-
ing many samples of the same concept. Prior work visu-
ally summarizes such collections by selecting representa-
tive samples according to some criteria [15, 40, 85], or by
identifying discriminative patches [20, 36, 46, 84]. Data
Distillation [12, 13, 89] instead synthesizes a compact set

This CVPR paper is the Open Access version, provided by the Computer Vision Foundation.
Except for this watermark, it is identical to the accepted version;

the final published version of the proceedings is available on IEEE Xplore.

35713



of prototypes by distilling information from the entire im-
age collection. Our goal, however, is to synthesize a sin-
gle prototype that reconciles cross-sample variations, which
selection-based methods cannot achieve. Unlike Data Dis-
tillation, which targets downstream objectives and often
yields unnatural or inconsistent prototypes, we target con-
cept summarization via prototypes that match the sharpness
and realism of typical samples from the probe model.

A common way to synthesize such prototypes is by av-
eraging pixels across spatially aligned samples [26, 39, 56,
70, 106]. However, spatial alignment is rarely feasible be-
yond constrained domains like faces [18, 70, 90] or ani-
mals [70], and virtually impossible for abstract concepts
like “poverty.” Even with perfect alignment, fine details
tend to average out at the pixel level, yielding unrealis-
tic appearance [56, 70]. A promising direction is to per-
form averaging in a semantic space, where distances reflect
conceptual similarity [37]. This can be done by encod-
ing images into the semantic space, averaging their embed-
dings, then decoding—a straightforward process in autoen-
coders [2, 3], VAEs [43], or GANs [28, 37] equipped with
inversion mechanisms [107]. Diffusion models, however,
lack such an explicit bottleneck representation. Although
some studies have identified “semantic layers” within dif-
fusion models [44], the semantic information is distributed
across timesteps, with no direct way to decode a time-
averaged embedding into a realistic average.

To address this, we recast averaging as trajectory align-
ment within the diffusion model. Instead of generating sam-
ples then averaging them post hoc, we jointly optimize mul-
tiple noise latents so that their denoising trajectories pro-
gressively converge toward shared coarse-to-fine semantics.
Conceptually, the process first aligns high-level structures,
such as global shape and layout, toward a semantic mean,
then gradually refines alignment to local patterns, enabling
spatial averaging of fine details without sacrificing realism.
During optimization, each sample follows its own denois-
ing trajectory while being constrained to match the mean
semantic representation of all samples at each timestep. The
resulting trajectory forms a semantic consensus across sam-
ples, which can then be decoded into a single sharp and re-
alistic prototype—effectively the model’s own “mental av-
erage” of the concept.

While averaging captures a concept’s shared structure,
many real-world concepts are visually multimodal or am-
biguous: “dog” spans many breeds, while “bike” may mean
a bicycle or a motorbike. In such cases, a single average
may blur distinct modes and obscure diversity. To cap-
ture this, we create mode-specific prototypes by cluster-
ing samples in a semantic space and averaging within each
cluster. We find that CLIP [74] serves as a stable and se-
mantically rich space, leading to clearer mode separation
than diffusion-based feature spaces. Clustering can also

be grounded using models like BLIP [50], enabling user-
defined partitioning (e.g., by ethnicity for human faces).
However, the latent space used for clustering (e.g., CLIP)
differs from the one used for averaging within the diffusion
model, causing inconsistencies between clusters and their
prototypes. To bridge this gap, we adapt the conditioning of
the diffusion model to be cluster-specific: for each cluster,
we learn a textual inversion embedding [24] or LoRA [34]
that captures its semantic subspace and guides the denoising
process toward that region, yielding more faithful averages.

We evaluate our method for generating concept averages
across diverse categories, including animals, humans, ob-
jects, and abstract concepts, and compare it against several
baselines, including GANgealing [70] and adapted dataset
distillation methods such as D4M [89] and MGD3 [13]. Our
method produces results that are both visually realistic and
consistent across different initial random seeds, whereas the
baselines tend to be either consistent but blurry or realistic
but inconsistent. We further demonstrate that our mode dis-
covery method can effectively generate averages for multi-
ple modes in both unsupervised and grounded setups, and
that our approach generalizes to other diffusion architec-
tures, such as DiT [69]. In summary, our contributions are:
• We propose the first method to produce consistent and re-

alistic averages directly from pre-trained diffusion models
by formulating the task as trajectory alignment.

• We demonstrate that DMA generalizes to multimodal
concepts with light-weight model conditioning, as well
as across diffusion model variants and architectures.

2. Related Work

Prototype image. A prototype image aims to represent
the visual essence of a concept or dataset. Early ap-
proaches decompose images into patches, group them by
visual similarity, and use these clusters as prototypical ele-
ments [19, 20, 27, 36, 46, 51, 75, 84, 86]. While effective
for analyzing local features, patch-based prototypes fail to
capture holistic relationships between visual components.
Other works instead select entire images to serve as proto-
types [10, 15, 40, 85]. However, this approach is limited by
the finite sample set, potentially overlooking variations or
information contained in other samples.

Beyond selecting existing samples, another line of work
focuses on synthesizing prototype images. Dataset distil-
lation methods [11, 12, 16, 47, 93, 98, 103–105] generate
synthetic images that encapsulate the knowledge of an en-
tire class, but their prototypes often lack recognizable struc-
ture and visual coherence. Recent methods in dataset distil-
lation employ diffusion models to distill class-level repre-
sentations into a set of high-quality prototypes [13, 29, 89].
However, they primarily target downstream tasks over con-
ceptual summarization and can exhibit inconsistent gener-

35714



ations. Pixel-space averaging on spatially aligned images
provides an intuitive way to summarize visual informa-
tion [26, 56, 106]. Although alignment methods [5, 45,
62, 65, 70] preserve the overall structure of the average
image, fine details are averaged out and blurred because
pixel-space averaging operates on low-level image features,
such as texture and illumination, which vary significantly
across samples. A more effective strategy is to perform av-
eraging in a semantic latent space, where high-level con-
cept information is encoded. This can be done by encod-
ing samples into the latent space, computing their mean
representation, and decoding it back into the image do-
main [2, 3, 28, 37, 43]. However, this remains unexplored
in the context of diffusion models, which lack an explicit
semantic latent space and a dedicated decoder for recon-
struction.

Building on this idea, we aim to construct high-quality
average images of any concept by leveraging the seman-
tic space of pre-trained diffusion models, without requir-
ing access to the underlying dataset. Closest to our work,
Feng et al. [22] use compositional generation [55] in a dif-
fusion model fine-tuned with GPS signals to produce av-
erage representations for specific geographic areas, relying
on multiple location-based conditions. In contrast, we op-
erate in text-to-image diffusion models, where such multi-
conditional inputs (e.g., GPS coordinates) are impractical,
as each concept is defined solely by a single text prompt.

Semantic space in diffusion models. Our method lever-
ages the semantic spaces of UNet–based diffusion models
to generate average images. Some studies have explored
these spaces for tasks such as segmentation [4, 52, 59, 60,
64, 71, 78, 92, 96], visual correspondence [57, 60, 91, 99],
and concept ablation [7, 8]. However, these semantic spaces
typically retain spatial information, suitable for their tasks
but suboptimal for ours, as they can introduce the same blur-
ring issues seen in pixel-space averaging. Other works at-
tempt to create high-level semantic spaces, as in autoen-
coders or VAEs [43], by using an encoder to compress im-
ages into semantic latent vectors that guide the denoising
process [35, 48, 72, 94]. However, this requires retraining
the entire network and is unsuitable for our goal of find-
ing the mental average within a pre-trained diffusion model.
Kwon et al. [44] show that the U-Net bottleneck layer (h-
space) exhibits properties, such as linearity, that make it an
effective semantic representation for our task. Semantic in-
formation in diffusion models is also found to spread across
timesteps, with early steps capturing coarse structure and
later steps encoding fine details [14, 17, 68, 80]. We lever-
age the h-space for its low spatial specificity and rich se-
mantic content.

Noise optimization in diffusion models. Once the average
semantic latent is obtained, decoding it into an average im-

age is non-trivial. A naive approach is to directly substitute
the h-space latent with the average during denoising, but
this often produces inconsistent outputs because skip con-
nections allow unconstrained information from other layers
to influence the output. To constrain activations in other lay-
ers without modifying model parameters, noise optimiza-
tion has proven effective. Prior works have employed this
approach for enhancing image quality [21, 30, 41, 73], gen-
erating rare concepts [79], and motion editing [38, 54, 66].

We adopt noise optimization to decode the average se-
mantic latent into an average image by applying it sequen-
tially across diffusion timesteps.

3. Background on T2I Diffusion Models
Modern text-to-image (T2I) diffusion models [33, 87] can
be viewed as discrete-time instances within the broader
family of score-based [88] and flow-matching [53] gener-
ative models, which learn to transform Gaussian noise into
data through a reverse stochastic or deterministic process.
These models generate high-resolution images efficiently
by operating in a latent space rather than directly in pixel
space [76]. A Variational Autoencoder (VAE) [43] first
maps images into a compact latent space, where the dif-
fusion process is applied.

For text-conditioned generation, a prompt c is encoded
by a transformer-based text encoder to guide the denoising
trajectory. At inference, generation begins from a Gaussian
latent zT → N (0, I) and progressively denoises it into a
clean latent z0, which is decoded by the VAE decoder into
the final image. At each timestep t, the model predicts the
noise ωt = ωω(zt, t, c) and the next latent zt→1 is computed
using, e.g., the DDIM update [87]:

zt→1 =
↑
εt→1

(
zt ↓

↑
1↓ εt ωt↑
εt

)
+
√
1↓ εt→1 ωt. (1)

To improve image-prompt fidelity, Ho and Salimans [32]
introduced classifier-free guidance (CFG), which blends
conditional and unconditional predictions:

ω̃ω(zt, t, c) = (1↓ w) ωω(zt, t, c)↓ w ωω(zt, t), (2)

where w is the guidance scale controlling the trade-off be-
tween text faithfulness and sample diversity.

4. Method
Given a concept prompt, we aim to synthesize an average
image that captures the concept’s shared semantics under a
probe diffusion model while preserving visual realism.

Averaging across diffusion samples is conceptually sim-
ple yet technically challenging: pixel-space averaging de-
stroys realism, and feature-space averaging is ill-defined be-
cause diffusion models lack a semantic bottleneck and de-
coder. Semantic information is instead distributed along the
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Figure 2. Overview. Multiple noise latents are jointly optimized so that their denoising trajectories converge toward shared semantics. At
each timestep t, their h-space activations are averaged to form a semantic target, and each latent is optimized to match it before denoising
to the next step. Repeating this process across timesteps aligns coarse-to-fine semantics, yielding a single “mental average” of the concept.

denoising trajectory, evolving from coarse layout to fine de-
tail. This motivates performing averaging not in image or
latent space confined to a single layer, but along the model’s
denoising process itself. We therefore recast the problem
as aligning multiple denoising trajectories so that they con-
verge toward a shared semantic consensus. Figure 2 pro-
vides an overview.

To achieve this, we leverage a semantically meaning-
ful latent layer, referred to as the h-space, across multiple

diffusion timesteps. This layer, located near the middle of
the U-Net denoiser, has been shown to encode interpretable
and approximately linear semantics [44, 49, 67, 83]. Rather
than collapsing h-space representations from all timesteps
into a single latent vector, which would be non-decodable,
we progressively align the h-space representations of multi-
ple noise latents to their means along the denoising process.
This mirrors the diffusion model’s inherent generation from
high-level to low-level attributes, enabling the model to first
reach agreement on global structure, such as pose and com-
position, before successively aligning lower-level attributes.

Specifically, we start with K noisy latents {z(0)k }Kk=1,
each drawn from N (0, I). At each diffusion timestep t, we
perform the following steps:

1. Compute the average h-space activation. For each
noisy latent z(t)k , we feed it into the diffusion model condi-
tioned on timestep t and the prompt to extract its h-space ac-
tivation H(z(t)k ), and compute the average activation across
all K latents, denoted as Ā(t) = 1

K

∑K
k=1 H(z(t)k ).

2. Noise optimization. To align each noisy latent with
the average activation Ā

(t), we optimize each z(t)i using the
following objective:

min
z(t)
i

∥∥∥H(z(t)i )↓ Ā
(t)
∥∥∥
2

2
. (3)

Minimizing this loss gradually shifts each latent toward the
shared semantic feature at timestep t. The optimization is
performed for N iterations for each latent.

3. Denoising. After aligning the noisy latents with the
mean semantic features, each optimized latent is denoised
to the next timestep using DDIM sampling [87].

This process is repeated across diffusion timesteps until
a cutoff tstop < T , which helps reduce computation cost.
Then, we continue denoising with standard DDIM sampling
until completion and decode any final latent z(T )

k with the
VAE decoder to produce the prototype image, as outlined
in Algorithm 1. We examine how different noise latents
converge under varying cutoff values tstop in Appendix C.4.

4.1. Mode Discovery
While our method aligns multiple trajectories toward a sin-
gle semantic consensus, this process may oversimplify con-
cepts that the diffusion model represents through several
distinct semantic modes. For example, “crane” can refer
to a bird or a construction machine—two modes that are
difficult to meaningfully blend into a single prototype.

We extend our method with a simple mode separation
step: we first cluster the noise latents and then compute
an average image per cluster. Effective mode discovery re-
quires a feature space that captures high-level semantics.
Although the internal h-space encodes semantic content,
its representations are stochastic and vary across timesteps,
making it unreliable for consistent mode separation. In-
stead, we use the CLIP embedding space [74], which offers
a stable, high-level semantic representation [6, 9, 25, 77,
82]. To support user-specified clustering (e.g., by ethnicity
for “doctor”), we alternatively employ a grounded approach
using BLIP-VQA [50] to obtain attribute-focused embed-
dings [56] for targeted mode discovery. Noise latents are
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Algorithm 1 Diffusion Mental Averaging
Require: Diffusion model D, concept prompt c, optimiza-

tion cutoff tstop, diffusion timestep schedule {ϑt}Tt=1,
number of sampled latents K, number of optimization
steps N , learning rate ϖ, h-space activation H(·)

Ensure: Prototype Image I

1: Initialize a set of K noisy latents Z(0) = {z(0)k }Kk=1

with z(0)k → N (0, I)

2: for t = 0 to T ↓ 1 do
3: if t ↔ tstop then

4: Āt ↗
1

K

∑

z↑Z(t)

H
(
z;D, ϑt, c

)

5: for k = 1 to K do
6: for i = 1 to N do
7: L ↗

∥∥∥H
(
z(t)k ;D, ϑt, c

)
↓ Āt

∥∥∥
2

2

8: Update z(t)k using Adam(↘
z(t)
k
L, ϖ)

9: end for
10: end for
11: end if
12: Z(t+1) ↗ DDIM-Sampling

(
Z(t);D, ϑt, c

)

13: end for
14: I ↗ VAE-Decode(z(T )

k ) for any k

15: Return: Prototype Image I

clustered by generating samples through standard denois-
ing, embedding them with CLIP or BLIP-VQA, and apply-
ing a clustering method such as GMM; cluster assignments
are then mapped back to the latents.

After clustering, a straightforward approach is to apply
DMA independently within each cluster. However, we find
that this often yields prototypes that do not faithfully re-
flect their cluster’s semantics. We hypothesize that this in-
consistency stems from a mismatch between the semantic
space used for clustering and the diffusion model’s h-space.
Since these spaces encode semantics differently, samples
that form a coherent mode in one space may scatter across
the other, causing the average to lose semantic coherence.

To mitigate this, we adjust the model’s conditioning to
steer denoising toward each cluster’s semantic subregion.
This can be done using techniques such as Textual Inver-
sion [24], which learns a compact textual embedding from
a set of images, or by training a LoRA [34] to fine-tune the
model’s conditioning pathway. While Textual Inversion can
handle simple or well-defined modes, we find that its lim-
ited capacity struggles with complex modes [102]. LoRA,
being more expressive, captures richer intra-mode variation
and provides better alignment between semantic modes and
their corresponding prototypes. We compare the two ap-
proaches in our experiments. With these lightweight con-
ditioning methods, our approach is able to summarize each

concept’s mode with greater semantic fidelity.

5. Experiments

Implementation details. Unless stated otherwise, we use a
variant of Stable Diffusion called Realistic Vision v5.1 [81]
due to its higher image quality. All experiments use
classifier-free guidance (CFG) scale of 7.0 and 20 DDIM
sampling steps. We set the number of latents K = 1000.
At each diffusion timestep, each latent is optimized using
Adam [42] with a learning rate of 2 ≃ 10→2 for 300 itera-
tions. We set the cutoff tstop = 10. The optimization process
took about 10 hours on an NVIDIA RTX 4080. Additional
details are provided in Appendix A.

5.1. Baselines
As no method currently exists for averaging diffusion mod-
els, we compare DMA to adapted versions of two related
approaches: congealing and dataset distillation. All meth-
ods use the same 1,000 noise latents or their samples.
Average VAE. Starting from noisy latents, we denoise
them, compute their mean in VAE latent space, and decode
it once into pixel space.
GANgealing [70]. We generate samples from the same
noise latents and use GANgealing’s pretrained Spatial
Transformer Network to align the images. The aligned im-
ages are then averaged in pixel space.
D4M [89] uses cluster centers in VAE space as prototypes
and refines them by adding noise and denoising through
a diffusion model. In our adaptation, we set IPC = 1, so
the prototype becomes the average of all clean VAE latents.
We inject noise into this averaged latent at timestep t = 6
(equivalent to the default SDEdit strength 0.7) and denoise
once to obtain the prototype image.
MGD3 [13] also uses cluster centers as prototypes but in-
troduces Mode Guidance to steer predicted noise toward the
prototype. In our adaptation, we also set IPC = 1, and apply
Mode Guidance for the first 10 steps (default 50% of total
steps) with the default mode guidance of 0.1, followed by
standard denoising to obtain the prototype image. See our
Appendix D for results using other hyperparameter values.

5.2. Prototypical Image Evaluation
We evaluate on 12 concepts spanning four categories (Ani-
mal, Person, Object, Abstract). For each concept, we gen-
erate 10 sets of 1,000 samples, and each method produces
10 prototypes per set, yielding 100 prototypes per concept
per method. This evaluation does not perform clustering as
in the multimodal setting (Sec. 4.1). We use three metrics:

1. Consistency (↓) measures how reliably a method con-
verges to the same prototype when starting from differ-
ent initializations. For each set, we compute the aver-

35717



Samples GANgealing [70] Avg VAE D4M [89] MGD3 [13] Ours

N/A

Figure 3. Qualitative comparison across methods: GANgealing [70], Avg. VAE, D4M [89], MGD3 [13], and DMA (Ours). Rows show
concepts: astronaut, dog, bicycle, freedom. GANgealing cannot process abstract concepts, so its freedom cell is intentionally left blank.

age pairwise distance among the 10 generated prototypes
using CLIP [74] cosine distance, DreamSim [23], and
LPIPS [101]. We report consistency scores averaged over
all sets in each category, where lower is better.

2. Representativeness (↓) assesses how well each proto-
type captures the semantic center of its concept distribution.
For each prototype, the Representativeness score is the av-
erage distance to the 1,000 samples in its set. We use the
same three distance functions as in the Consistency metric
and report scores averaged across all sets in each category,
where lower is better.

3. ImageReward [97] (↑) is a learned reward model trained
on large-scale human preference data. This metric reflects
human preference by jointly evaluating image quality and
text–image alignment. For each concept set, we compute
the average score across the 10 generated prototypes, and
then report the average ImageReward over all sets within
each category, where higher is better.

Quantitative scores are shown in Table 1, with qualita-

Figure 4. Quality Trade-off. DMA achieves a superior balance
of representativeness, consistency, and perceptual quality.

tive results in Figure 3. Avg. VAE and GANgealing achieve
perfect consistency scores of zero by design, as they always
produce identical outputs given the same image set. How-
ever, their averages are blurry and lack realism. DMA is sig-
nificantly more consistent than D4M and MGD3 with better
consistency scores across all three distance metrics. DMA
also achieves the best ImageReward and representativeness
scores across all metrics, demonstrating more faithful and
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Table 1. Average scores across four categories (Animal, Person, Object, Abstract) on Consistency (↓), Representativeness (↓), and Im-
ageReward (↑). GANgealing† is evaluated only on three non-abstract categories, as it lacks pretrained GANs on abstract concepts

Consistency (↓) Representativeness (↓) ImageReward (↑)
Method CLIP DreamSim LPIPS CLIP DreamSim LPIPS

GANgealing† [70] 0 0 0 0.386 0.477 0.851 →0.684
Avg VAE 0 0 0 0.473 0.806 0.805 →2.262

D4M [89] 0.168 0.274 0.572 0.197 0.363 0.672 0.823
MGD3 [13] 0.180 0.319 0.643 0.195 0.364 0.687 0.755

DMA (Ours) 0.031 0.032 0.129 0.179 0.341 0.655 1.002

visually preferred concept summaries than all baselines.
Qualitatively, DMA generates clear, structured averages,

for example, a detailed astronaut in uniform with averaged
attributes, such as centered composition. By contrast, the
baselines only capture vague helmet shapes and omit key
components like the helmet’s visor or uniform altogether.
For abstract concepts, like “freedom,” DMA consistently
depicts the Statue of Liberty, whereas D4M and MGD3

generate inconsistent or distorted versions of the statue.
GANgealing, meanwhile, cannot handle such concepts be-
cause no pretrained GAN exists for them. Furthermore, as
shown in the trade-off plots in Figure 4, DMA delivers the
most balanced performance, combining high consistency,
strong representativeness, and perceptual realism.

5.3. Mode Averages
In this section, we present results of applying DMA to clus-
tered images. To refine the model’s conditioning for each
mode, we use a CFG scale of 3.0 during inference and train
a rank-1 LoRA for 2,000 steps with a learning rate of 10→4.
For Textual Inversion, we use a CFG scale of 7.0 during
inference and train for 3,000 steps with a learning rate of
10→2. For mode separation, we first reduce the computed
features of CLIP-ViT-B/32 or BLIP-VQA-base [56] using
PCA (to 2 dimensions for unsupervised clustering and 10
for grounded clustering), then cluster them using a Gaus-
sian Mixture Model to obtain mode assignments.

Unsupervised clustering. Figure 5 presents our cluster av-
erages discovered through unsupervised clustering, along
with a single overall average, for four concepts. We ob-
serve that the single average is biased toward the dominant
mode, thereby suppressing less frequent ones (e.g., the fan

average only depicts an electric fan). In contrast, our clus-
ter averages successfully reveal the distinct semantic modes
within each concept.

Grounded clustering. Figure 6 presents our cluster aver-
ages from grounded clustering using BLIP-VQA. The re-
sults show that DMA can generate accurate average im-
ages across different grounded criteria. For the car concept

Fan Crane Pumpkin Boat

A
ve

ra
ge

M
od

e
1

M
od

e
2

Figure 5. DMA prototypes of unsupervised modes. Top row:
overall average. Bottom rows: averages of discovered modes.

grounded by color, the averages show that yellow and silver
cars look similar, while red and blue cars form another con-
sistent group. This demonstrates how DMA can be used as
a probing tool to reveal how models organize and associate
attributes within a concept.

LoRA and Textual Inversion. Figure 7 shows that using
LoRA or Textual Inversion helps guide the model toward
cluster-specific regions, producing averages that better re-
flect the modes’ semantics, with LoRA better preserving
color and car shape than Textual Inversion. This suggests
that both methods help capture semantics beyond the h-
space, including aspects typically encoded in the noisy la-
tent, such as color and image layout [63, 95, 100].
5.4. Generalization Across SD Variants
We evaluate DMA across several Stable Diffusion variants:
SD1.5, Realistic Vision v5.1, Dreamshaper PixelArt, and
Flat-2D Animerge. In Figure 8, DMA can produce av-
erages that are specific to each variant, revealing distinct
stylistic or demographic interpretations. The concept sol-

dier exhibits strong identity bias: SD1.5 and Realistic Vi-
sion consistently generate male soldiers, whereas PixelArt
appears more gender-neutral, and Flat-2D Animerge ren-
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Figure 6. DMA prototypes of grounded modes. We cluster as-

tronaut by ethnicity, dog by breed, and car by model or color.

Cluster Images DMA +TI +LoRA

Figure 7. LoRA & Textual Inversion bridge the gap between the
clustering and the h-spaces, enabling cluster-specific prototypes.

ders a female anime-style cadet. For Italy, all models con-
verge to a similar “Venice canal” scene despite stylistic dif-
ferences, indicating a shared dominant bias. This highlights
that DMA generalizes across models and helps diagnose
how fine-tuning alters or preserves concept semantics.

5.5. Generalization Across Architectures
We extend DMA to DiT-XL [69], a class-conditional,
transformer-based diffusion model. Since DiT lacks a U-
Net-style semantic bottleneck like the h-space, we instead
use the output of the final transformer block, which yields
the most consistent results (Figure 9). See Appendix A.4
and C.7 for implementation details and block comparisons.

6. Limitations and Discussion
As with sample generation, the concept and hyperparam-
eters, like CFG, affect the quality and consistency of the
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Figure 8. DMA prototypes of various SD Variants. Soldier in-
herits model-specific gender bias, while Italy exhibits a persistent
static bias toward a Venice-like scene across all variants.

Figure 9. DMA generalizes to the DiT architecture [69].

average image. High-variation concepts require more sam-
ples for stable averages, while higher CFG improves prompt
alignment but reduces diversity, influencing the final result.

Our clustering relies on external encoders and thus in-
herits their biases [1, 31, 58]; however, the averaging pro-
cess remains unbiased once clusters are defined. Evaluating
the representativeness score remains challenging as it de-
pends on the specific embedding space, which can be sub-
jective. We discuss this further in Appendix B.4. Extending
DMA to other diffusion architectures requires identifying a
semantic layer analogous to the h-space, which remains an
open direction for future work. Currently, our method re-
quires high computational costs, which are detailed in Ap-
pendix B.2. Further discussions regarding potential appli-
cations and limitations of our mode discovery are provided
in Appendix B.1 and B.3.

Conclusion. We present a simple yet effective method for
generating high-quality average images from pretrained dif-
fusion models. By progressively aligning denoising trajec-
tories across multiple noise latents, DMA produces con-
sistent, representative results and extends to concepts with
multiple meanings and modes. DMA outperforms baselines
in consistency, image quality, and representativeness, and
generalizes across diffusion models and architectures.
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