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Methodologies for Diffusion Model
Interpretability: A Systematic Review

Tina Lakhani, Jing Wu, Member, IEEE, Yu-Kun Lai, Senior Member, IEEE, and Ze Ji, Member, IEEE

Abstract—Diffusion generative models have gained rapid
traction since 2020 due to their expressiveness and high-
quality outputs. Explaining and interpreting these models
is essential for enabling further improvements and fos-
tering trustworthiness. This systematic review identifies
and analyzes interpretability methods applied to diffusion
models across domains, highlighting key trends, outlining
strategies, and identifying emerging research directions.
We screened 1,489 papers published between 2020–2025
across IEEE, Scopus, DBLP, arXiv, and Elicit, and included
81 studies that met predefined criteria. Most methods
target latent space analysis (n = 35), followed by data
attribution (n = 16) and denoising dynamics (n = 14).
Image generation and text-to-image synthesis dominate
application areas (n = 73), with limited coverage in robotics,
audio, and neuroscience (n = 8). This review offers a
structured taxonomy, quantifies interpretability research
trends, and identifies domain-specific and architectural
gaps. Supplementary material and processing code are
available here.

Impact Statement—Diffusion models demonstrate im-
pressive performance across a range of applications, yet
their deployment in safety-critical and high-stakes areas
remains limited without the trustworthiness that deeper
interpretability provides. This systematic review establishes
the first cross-domain knowledge base for interpretability
in diffusion models by consolidating scattered findings
across all application areas into a coherent synthesis. It
illuminates foundational trends and converging insights
from diverse perspectives, identifies methodological links,
and compares techniques and target areas, therefore equip-
ping researchers with the knowledge needed to refine
their approaches and transfer successful strategies across
domains. The findings of this review creates bridges be-
tween disciplines, promoting technical innovation toward
informed decision-making and regulatory compliance, and
supporting the development of reliable, transparent, and
accountable AI systems based on diffusion models.

Index Terms—Diffusion model, interpretability, explain-
ability, trustworthy AI.

I. INTRODUCTION

D IFFUSION models have rapidly emerged as a
transformative tool in data generation since their

early inception and refinement [1], [2]. Their strength
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lies in their capacity to learn complex, multi-modal
feature spaces and relationships, yielding high-fidelity
and novel outputs. Their applications span diverse dis-
ciplines, from image synthesis [3] and time-series fore-
casting [4], to robotic action planning [5], showcasing
versatility and power.

However, with the expansion of research avenues
into diffusion model performance, so too comes the
challenge of understanding and interpreting them. Unlike
traditional generative models such as Variational Auto-
encoders (VAEs) [6] or Generative Adversarial Net-
works (GANs) [7], diffusion models rely on a sequential
denoising process from inputs perturbed entirely with
Gaussian noise [1]. Subsequently, their internal decision-
making requires a targeted research approach addressing
their characteristic denoising dynamics.

To our knowledge, no prior survey provides a compre-
hensive and systematic review of interpretability meth-
ods across the full range of diffusion model applications
and which spans analyses of training dynamics, latent
structure, data attribution, and architectural conditioning.
A related survey is by Lin et al. [8], who offer valuable
insights into mechanistic interpretability in multi-modal
foundation models, including text-to-image diffusion.
Their focus is primarily on neuron-level circuit tracing
adapted from language models. In contrast, our work is
the first to concentrate on diffusion model interpretability
across all domains and relevant methodologies.

A. Research Questions

This review is structured to provide researchers with
a clear overview of the current landscape of diffusion
model interpretability and is guided by the following
research questions:

1) What interpretability methodologies have been
proposed for diffusion generative models across
different domains?

2) How do these approaches target different aspects
of interpretability, such as internal representations,
training dynamics, and output-level analyses?

3) What methodological patterns, gaps, and future
directions can be identified in current research on
diffusion model interpretability?

https://github.com/TinaLakhani/Methodologies_Diffusion_Interpretability
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B. Paper Structure

The main body of the paper is organised into the
following main sections:

Section II: Provides the preliminaries for Diffusion
Models, and introduces discussion on interpretability;
providing common taxonomies, distinctions and bound-
aries, including those captured within this work.

Section III: Describes the reproducible process of
paper selection for the content of the survey. This section
outlines the inclusion/exclusion criteria and methodology
for literature selection.

Section IV: Contains the material survey of the liter-
ature, providing details resulting from the searches and
a narrative overview of the included works.

section V: Provides discussion relating back to the
original research questions and identifies future direc-
tions that can be explored based on the findings from
the full review.

II. DIFFUSION MODEL PRELIMINARIES

Diffusion models are generative models that learn
to reconstruct data from pure noise. This is achieved
by approximating the reverse of a Markovian forward
process, which incrementally adds Gaussian noise to
data, then iteratively denoises a sample from a prior
using the learned reverse process. Originally inspired by
non-equilibrium thermodynamics [1], diffusion models
have since become foundational in modern generative
AI, particularly in high-fidelity image synthesis.

This section outlines the forward and reverse pro-
cesses of diffusion models, describes the typical training
objective, and introduces the widely adopted U-Net
architecture used to implement the denoising function
and the dominant architecture found in articles for this
review.

A. Diffusion Process Overview

Forward Process: Let x0 be a data sample from the
real distribution q(x0). The forward process gradually
adds Gaussian noise to x0 over T timesteps, producing
a sequence x1, . . . ,xT that converges toward pure noise.
Formally, the transition at each step is given by:

q(xt | xt−1) = N
(
xt;

√
1− βtxt−1, βtI

)
, (1)

where βt ∈ (0, 1) is a fixed variance schedule controlling
the noise intensity. Using a closed-form expression, xt

can be sampled directly from the original data:

q(xt | x0) = N
(
xt;

√
ᾱtx0, (1− ᾱt)I

)
, (2)

where α is the ratio of signal retained at each step,
i.e. (1 - βt) and ᾱt = total signal retention after t

noise steps (
∏t

s=1 αs). This process defines a smooth
trajectory from data space into noise space.

Training Objective: To reverse the forward noising
process, a neural network ϵθ(xt, t) is trained to predict
the noise component ϵ that was added to x0 to yield xt.
The widely used loss function is:

L = Ex0,ϵ,t

[∥∥ϵ− ϵθ
(√

ᾱtx0 +
√
1− ᾱtϵ, t

)∥∥2] (3)

where ϵ ∼ N (0, I) is standard Gaussian noise, and t
denotes the diffusion timestep.
This trains the model to recover the full noise vector,
effectively learning to denoise progressively corrupted
samples at arbitrary timesteps. Some variations instead
predict the clean image x0, but both formulations are
equivalent under suitable reparameterizations.

Reverse Process and Sampling: At inference, the
model generates new samples by starting from Gaussian
noise xT ∼ N (0, I) and applying the learned reverse
denoising steps iteratively. A typical sampling update is:

xt−1 =
1

√
αt

(
xt −

1− αt√
1− ᾱt

ϵθ(xt, t)

)
+ σtη,

where η ∼ N (0, I).
(4)

This equation shows how the model’s output governs the
denoising trajectory, progressively refining a noisy input
into a coherent sample.

B. Network Architecture and Feature Spaces

The denoising network in diffusion models, typically
denoted ϵθ(xt, t), is most often implemented as a time-
conditional U-Net [8]. This architecture, originally de-
veloped for biomedical image segmentation, is well-
suited to diffusion due to its encoder-decoder structure
with skip connections, enabling multi-scale feature ex-
traction and preserving high-frequency details.

Fig. 1 illustrates a representative diffusion U-Net used
in either a Denoising Diffusion Probabilistic Model
(DDPM) or Latent Diffusion Model (LDM), highlight-
ing structural components and feature stages frequently
analyzed in interpretability studies. At each timestep
t, the network inputs a noisy image xt and a learned
embedding of the timestep, and outputs either a noise
estimate ϵ̂θ(xt, t) which is the same shape as xt, or an
estimate of the original clean sample x̂0. This prediction
is then used in the sampling equation (equation 4),
to compute xt−1. Conditioning embedding c can be
injected into the U-Net via cross-attention or feature
modulation, and may represent class labels (e.g., in
class-conditional DDPMs), text prompts (as in LDM),
or reference images. Skip connections facilitate gradient
flow and retainment of fine details.
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Fig. 1. Diffusion U-Net schematic for DDPM and LDM model networks. Highlighted are common areas for interpretability focus as included
in this paper. Note that specific U-Net architectures vary depending on model design and conditioning method.

Modern U-Net variants commonly incorporate atten-
tion mechanisms [9], especially near the bottleneck. Self-
attention captures long-range spatial dependencies, while
cross-attention, crucial in text-to-image models such as
Guided Language to Image Diffusion for Generation and
Editing (GLIDE) [10] and Latent Diffusion Models [11],
enables alignment with conditioning inputs (e.g., text
prompts). These attention layers play a central role in
semantic progression and have been the focus of many
interpretability studies reviewed in this work.

The bottleneck layer, located at the junction of the
encoder and decoder, represents the most compressed
and abstract state of the image. This region has been
found to be a key target in interpretability research and is
commonly probed to reveal how visual concepts emerge,
transform, and propagate across timesteps.

C. Clarifying Latent Space Terminology

The term latent space is used inconsistently across the
diffusion model interpretability literature, often referring
to different stages or representations in the generative
process. For clarity in this review, we distinguish three
primary representational spaces, each with a distinct role
in diffusion models and the interpretability techniques
applied to them:

• X -space refers to the sequence of noisy image-like
tensors in models such as DDPMs with U-Net back-
bones. These high-dimensional tensors represent the
data as it evolves under the forward noising and

the learned reverse denoising process. While the
forward process x0 → x1 → · · · → xT ∼ N (0, I)
is used during training, interpretability methods
typically focus on the reverse generation path xT →
xT−1 → · · · → x0 This reverse trajectory, which
we denote Xreverse = {xt}0t=T , reflects the stepwise
reconstruction of semantic structure from noise.

• Z-space denotes the lower-dimensional latent vari-
ables used in LDMs and can be thought of as the
latent diffusion analogy to xt. These are obtained
by encoding pixel-space data into compressed rep-
resentations z0 using an external encoder. The dif-
fusion process then occurs within this latent space
as zT → zT−1 → · · · → z0, which is subsequently
decoded back to image space. Z-space is thus the
domain in which noise is added and removed in
LDMs, e.g., [12]–[14].

• H-space comprises the internal feature activations
computed layer-wise by the U-Net at each timestep
[15]. These are distinct from the inputs and outputs
of the diffusion trajectory, in that they are the
intermediate compressed representations reflecting
the model’s internal transformations during denois-
ing. Typically, those of the decoding side of the
U-Net are used for interpretability analysis where
Hreverse = {h(ℓ)

t }0t=T where ℓ indexes layers,
although bottleneck features are often the most se-
mantically informative. Many interpretability meth-
ods, such as probing or attribution techniques, target
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this space to understand how the model encodes and
manipulates semantic information, e.g., [15]–[17].

This disambiguation is critical for interpretability re-
search, as various methods target distinct components
of the model to yield different insights despite often
relying on similar terminology. In summary, analyses of
temporal semantics typically focus on X - or Z-space,
while investigations into internal semantics target H-
space and we provide these distinctions in the full survey
narrative (Section IV-A), tabular results (Tables IV, VI,
V & VIII) & taxonomy tree (Fig. 5).

D. Diffusion Model Variants

Diffusion models have evolved rapidly since their
original formulation as denoising score-matching pro-
cesses [2], with advances targeting training stabil-
ity, sampling speed, architectural flexibility, and cross-
domain generalization.

Early improvements focused on training dynamics and
baseline architectures. DDPMs [2] employ U-Nets to
iteratively denoise Gaussian noise into data and exten-
sions such as DDPM++ [18] and iDDPM [19] introduce
enhanced noise schedules, normalization, and classifier-
free guidance (CFG). CFG is a sampling technique that
combines predictions from conditional and unconditional
models to improve fidelity and reduce over-reliance
on conditioning signals. The Ablated Diffusion Model
framework [18] (ADM) further demonstrates that strong
sample quality can be achieved even with simplified
training objectives and architectures. For example, it
demonstrates that the use of more attention heads with
fewer channels per head can improve Fréchet Inception
Distance (FID) [20], highlighting the sensitivity of per-
formance to transformer-like design factors.

Accelerated sampling is a progression achieved
with the use of Denoising Diffusion Implicit Models
(DDIM) [21], which modify the forward process into a
non-Markovian schedule, allowing for fewer sampling
steps with minimal quality degradation. LDMs [11]
further reduce computational cost by operating in com-
pressed latent spaces via autoencoding. This framework
underpins models like Stable Diffusion [22]–[24]. Recent
Latent Consistency Models (LCMs) [25], [26] build on
this by learning one-step mappings for fast inference.

Conditional and multi-modal diffusion has also seen
major innovation. GLIDE [10] introduces classifier-free
guidance and cross-attention for aligning image gen-
eration with text prompts, paving the way for text-
to-image models like DALL·E [27] and Stable Dif-
fusion [11]. Domain-specific variants extend diffusion
to other modalities, including speech synthesis (Grad-
TTS [28]) and voice conversion (DiffWaveNetSVC [29],
[30]).

Architecturally, some models replace convolutional
backbones entirely. Diffusion Transformers (DiTs) [31]
use Vision Transformers [32] to capture global context.
At the time of writing, the vast majority of models
investigated for interpretability relate to the U-Net, but
Transformer architecture is a growing area of research
interest, especially since Stable Diffusion moved from
U-Net to a Transformer framework in V.3 [24].

Finally, score-based generative models [33] adopt a
continuous-time perspective, learning the gradient of the
data log-density and sampling via reverse-time SDEs
(Statistical Differential Equations) or ODEs (Ordinary
Differential Equations). Though formally distinct, they
are closely related to DDPMs. Other directions include
energy-based formulations [34]–[36] and generalized
conditional models [27], which expand the design space
beyond standard denoising objectives.

Together, these variants reflect trade-offs in fidelity,
efficiency, and domain alignment, shaping the versatility
of diffusion-based generation.

E. Interpretability of Diffusion Models

Interpretability in machine learning lacks universally
rigid definitions, especially across various domains [37],
but common themes exist. We adopt the broad tax-
onomies of [38], [39], where interpretability refers to
human-understandable insights into a model’s internal
mechanisms, while explainability denotes post-hoc anal-
yses that clarify outputs without requiring transparency.
Following [39], we also distinguish between global
interpretability, understanding model-wide patterns and
local interpretability, which focuses on specific deci-
sions. These perspectives are often complementary; we
include work where aggregating local explanations yields
broader behavioral insights.

Diffusion models pose unique interpretability chal-
lenges unseen in other generative models stemming
from their iterative and stochastic nature; instead of
generating outputs in a single pass, denoising occurs over
tens to many hundreds of steps. This raises questions
about when and where semantic structure emerges, how
internal representations evolve, and which components
(e.g., noise schedules or architectures), influence spe-
cific behaviors. Interpreting diffusion models therefore
requires not only traditional machine learning inter-
pretability tools, but also methods to understand this
temporal evolution. Dombrowski et al. [40] demonstrate
that fine-tuning for improved performance can reduce
attribution fidelity, highlighting sensitivity to training
dynamics and optimization choices. Thus, interpretabil-
ity can emerge either as an explicit design goal or as
a byproduct of architectural modifications. Cold Diffu-
sion [41], for instance, replaces stochastic noise with
deterministic, semantically meaningful corruptions (e.g.,
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blurring, masking, downsampling), making each gen-
eration step interpretable. By aligning the generative
trajectory with human-understandable transformations,
such models support tasks like data attribution. For
example, Popov & Tuba [42] introduce a noise variant
schedule tailored specifically to provide attribution and
citation tracing in synthetic content.

In summary, this review collates the diverse range of
approaches aimed at interpreting and explaining diffu-
sion models across domains. By focusing on techniques
that probe the internal structures, training dynamics, and
generative processes of these models, we aim to scope re-
search that advances our understanding of how diffusion
models operate beneath the surface. We also include rel-
evant works on explainability that offer holistic insights
into model behavior and works that promote intrinsic
transparency. In doing so, we recognize interpretability
as a multifaceted construct, comprising insights that arise
through probing, modifying, or abstracting the model’s
internal workings

III. METHODOLOGY FOR PAPER SURVEY

This review follows guidelines for systematic litera-
ture reviews in software engineering by Kitchenham et
al. [43], and is also influenced by PRISMA [44]. A
structured protocol based on the Joanna Briggs Institute
(JBI) Evidence Synthesis guidelines [45] was followed,
which can be linked to as supplementary material. Please
see Appendix A for more details.

A. Source Search Strategy

The databases chosen to enable the most compre-
hensive capture of relevant works were: IEEE [46],
Scopus [47], ArXiv [48] and dblp [49], covering a major
publisher (IEEE) for relevant papers, commonly used
indexing databases (Scopus and dblp), and widely used
preprint platform. Although papers on ArXiv may not
have yet gone through a rigorous peer review process, it
is an increasingly common practice for paper preprints
to be posted on ArXiv. It is necessary to include these
papers to ensure the most up-to-date research is included,
although they should be considered with extra care.
In addition, the AI research assistant Elicit [50] was
used to identify studies potentially missed by database
searches and citation chaining. Included works (January
2020–March 2025, English) reflect a predominance of
research since seminal U-Net DDPMs in 2020. Search
strings, developed a priori with the subject librarian,
balanced coverage and specificity, and were kept as
uniform as possible across databases, adapting to each
platform’s terminology. Searches occurred 20–28 March
2025. Exact search strings appear in Appendix B.

B. Sources of Evidence

Following database searches (yielding 1489 records),
initial de-duplication was performed using a script de-
veloped in Python (v.3.10) [51]. This involved a 3-stage
process:

1) Removal of any records not relating to papers (e.g.,
populated with conference details).

2) Removal of records where both DOI and Title
were identical, and according to the priority order
specified below.

3) Application of fuzzy matching on title and authors
with a threshold of 0.80. These were manually
examined for any errors (two found and those
records kept).

The priority order decided upon for database sources
was: IEEE > Scopus > arXiv > dblp > Elicit

After de-duplication, we began a two-stage screening
process. The first stage involved examining title, abstract
and keywords of each paper to ascertain if the focus of
the work is likely related to our core inclusion criteria
of unveiling the internal decision-making mechanisms
or behaviors of diffusion models. Works were excluded
at this first stage if they were clearly not describing
diffusion models (but rather, physics or social diffusion
processes, for example), or if they were not pertaining
to interpretability. After this point, the second stage
screening involved full text evaluation against the inclu-
sion criteria of Table I, with data for the charting table
being extracted. Reviews were performed primarily by
the first author, TL, with additional discussions including
the co-authors. Edge-case citations were discussed as a
consensus with a minimum of 2 people, and in addition,
the primary author performed random re-checking of
paper samples from the results of the second stage
screening to ensure consistency with decisions and data
extraction.

The full list of papers from the second stage rejection
is found in Appendix C. The list of papers included
through citation chaining and their source is found in
Appendix D.

C. Data Extraction, Charting, and Quality Assessment

1) Data Extraction: The included works were ex-
amined for their contributions to the interpretability
of diffusion models, with attention paid to where in
the pipeline each method is applied and the specific
problem it aims to address. The following information
was extracted for each paper: authorship and year, focus
area of interpretability, core methodological approach,
target domain, and the architecture that was used. An
example of the data charting format is available in the
protocol, accessible via Appendix A.
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TABLE I
INCLUSION AND EXCLUSION CRITERIA

Criteria Include Exclude

Scope & Focus Internal mechanisms, training dynamics, holistic outputs. Diffusion as a black box.
Evaluation & Analysis Empirical evaluation of instantiated models. Purely theoretical or highly simplified models.
Domain & Context Any domain and discipline. Papers lacking interpretability focus.
Model-Agnostic Analysis Empirical application on diffusion models. Tools not evaluated on diffusion models.
Language English-language papers. Non-English full-text.
Publish Status Peer-reviewed or pre-prints. Rejected works still unpublished at the time of writing.
Date Range Jan 2020 – May 2025. Outside the specified date range.

2) Quality Assessment: In alignment with guidelines
for systematic reviews in software engineering [52],
a separate quality appraisal was conducted on all in-
cluded studies. This assessment is distinct from the
inclusion/exclusion criteria, and was used to evaluate the
methodological rigor and reporting clarity of each study.
Example charting is found in Appendix A.

Each study was assessed according to the following
predefined criteria:

• Q1. Clarity of Objectives: Does the study clearly
state its objectives or research questions related to
diffusion model interpretability?

• Q2. Evaluation Methods: Is the experimental
design (e.g., dataset, metrics, baselines) well de-
scribed?

• Q3. Interpretability Evidence: Does the study pro-
vide empirical evidence (e.g., visualizations, met-
rics) to support interpretability claims?

• Q4. Reproducibility: Are code, datasets, or im-
plementation details made available for further
study/evaluation?

• Q5. Analysis of Limitations: Does the study re-
flect on limitations or scope of its interpretability
findings?

Each was scored as 1 (yes), 0.5 (partial), or 0 (no).
Scores were used to support structured analysis and
discussion of methodological strengths and gaps across
the field.

3) Data Charting: To provide ease of assimilation, the
extracted data are presented in various complementary
formats, each offering a distinct level of detail and
perspective. These include graphical representations of
major trends in domain and architecture, a breakdown
of the major themes, a taxonomy tree, and a description
of the collected works, organized by methodological
approach and highlighting notable and seminal contri-
butions. All can be found in Section IV.

We then evaluate opportunities and gaps in section
V, and revisit the research questions proposed in the
introduction (Section I). Finally, summary tables present
an at-a-glance view of the extracted data, including paper
links and key information.

D. Use of Elicit for Paper Search

As previously mentioned, the AI research tool Elicit
[50] was used to support the paper search process.
The prompt used was: “Papers relating to methods for
interpreting diffusion models, since 2020”. The first 168
results were included in the screening process. Papers
sourced via Elicit were assigned the lowest priority dur-
ing duplicate processing, which means that any papers
identified from Elicit would not have been retrieved
through any database searches. This resulted in 9 papers
and upon inspection of their metadata, it was found that
all 9 did include the primary keyword “diffusion”, but
their absence from the traditional databases stemmed
from the use of the words related to interpretability:

• 6 papers used “interpret*” rather than “interpretab*”
• 1 paper used “explain*” rather than “explainab*”
• 2 papers used synonyms such as “analytical”, “eval-

uating”, or “diagnosing”, which were not used in
the search strings due to their broadness.

As an experiment, we modified the original search
terms to reflect a broader truncation to see the difference
in output.

TABLE II
KEYWORD SEARCH RESULTS FROM IEEE XPLORE AND ARXIV

Repository Search Term Results

IEEE Xplore interpretab* 339
interpret* 2,472

arXiv explainab* 537
explain* 2,028

These comparisons highlight the trade off between
precision and recall in keyword-based searches. While
using narrower terms (e.g., “interpretab*”) improves
precision, it may exclude relevant works that use syn-
onyms more loosely. In this context, particularly noting
the encapsulating broadness of the search terms, Elicit
served as a useful complement to the traditional searches
by capturing semantically relevant but terminologically
more diverse papers, and reduced the need for an exces-
sively wide and resource-intensive screening process.
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E. Data Selection Process Flow

In summary, from 1489 records returned from
database searches, 64 met the full inclusion criteria, with
17 additional works found through citation chaining,
resulting in 81 works in total included in this review.
The full process flow depicting numbers and reasons for
paper rejection (or addition) at each stage is shown in
the PRISMA flowchart (Fig. 2).
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Fig. 2. PRISMA based flowchart showing paper selection process

IV. RESULTS & FINDINGS

In this section, we begin by presenting high-level
summaries of the included papers collated from the
charting tables, noting that image generation and text-
to-image tasks dominated the domain areas (Fig. 3),
the U-Net was the most prevalent architecture across
domains (Fig. 4), and latent space semantics presented
the most common study focus (Table III). We then
provide a descriptive narrative, summarizing themes,
notable works and developments, and finally organize the
included studies thematically, displaying them in tables
and our taxonomy tree (Fig. 5), thus offering a multi-
perspective view of the current landscape of diffusion
model interpretability methodologies.

A. Interpreting Denoising Dynamics

Research on the temporal dynamics of the denoising
process explores how semantic features are gradually

TABLE III
DISTRIBUTION OF WORKS ACROSS THEMES

Theme % of Works

Latent Space Analysis 43%
Data Attribution 20%
Denoising Dynamics 19%
Holistic Output Analysis 9%
Other 9%

2022 2023 2024 2025*
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*Data for 2025 is partial (up to 28 March).

Interpretability Research by Year and Domain
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Text2Image
Other

Fig. 3. Counts of papers per year showing the spread across domains.

constructed and refined across sampling steps. The sub-
sequent insights promote intrinsic modifications to im-
prove output. Works for this research area are listed in
Table IV.

Foundational contribution to this perspective came
from Choi et al. [53], who introduced the concept of
perceptual phases in denoising by analyzing signal-to-
noise ratios across timesteps. They identified distinct per-
ception bands, each corresponding to a different level of
semantic abstraction, thus framing generation as a staged
refinement process. This framing prompted further re-
search into identifying and characterizing the stages of
semantic development; classifier probes [54], attention
flow analysis [55], [56], mutual information measures
[57], uncertainty weighting [58], and dimensionality
reduction [59] and even architectural modification [60]
have all been employed to examine the emergence and
evolution of meaningful representations over time. Other
approaches also integrate interpretability into the training
objective or model structure, such as uncertainty-aware
loss by [58].

Complementary studies examine how learned features
evolve across timesteps, identifying regime shifts that
reflect non-linear transitions in representational flow.
These works provide a means to characterize memo-
rization, interpolation, and projection onto learned mani-
folds [61]–[64], sometimes grounded in broader theories
from physics and optimization [65]–[67]. Ambrogioni et
al.’s [68] formal framework exemplifies this direction,
using Bayesian tools to infer latent dynamics and iden-
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TABLE IV
INCLUDED PAPERS: INTRINSIC INTERPRETABILITY

Authors and Link Domain Core Focus Area Contribution Summary

Choi et al., 2022 [53] Image Generation Denoising dynamics Seminal work using SNR to reveal coarse-to-fine denoising phases.

Abu-Hussein & Giryes, 2023 [60] Text2Image Semantic structuring Hierarchical latent-space up/downsampling for multi-scale feature analysis.

Ambrogioni, 2023 [68] Image Generation Associative memory Hopfield network analogy as high-dimensional associative memory system.

Bakr et al., 2023 [63] Image Generation Denoising dynamics ToddlerDiffusion: Modular decomposition & editing of representations.

Go et al., 2023 [58] Image Generation Denoising dynamics Multi-task learning & Uncertainty weighting to mitigate negative transfer.

Prasad et al., 2023 [61] Text2Image Denoising dynamics Systematic evaluation of timestep and architectural component importance.

Permenter & Yuan, 2023 [67] Image Generation Denoising dynamics Use Manifold theory to frame models as iterative optimization processors.

Raya & Ambrogioni, 2023 [64] Image Generation Denoising dynamics Show hierarchical organization of information & sampling phase transition.

Wang et al., 2023 [72] Image Generation Semantic structuring Show semantically structured latent space using information maximization.

Xu et al., 2023 [73] Image Generation Semantic structuring Versatile Diffusion: multi-modal tasks due to modified multi-flow pathways.

Zach et al., 2023 [74] Text2Image Semantic structuring Analytic denoising via GMM expert priors under orthogonality constraints.

Biroli et al., 2024 [65] Image Generation Denoising dynamics Physics-based analysis of distinct training dynamics e.g., memorization.

Jun et al., 2024 [75] Image Generation Semantic structuring Promotes disentangled features using Dynamic Gaussian Anchoring.

Kadkhodaie et al., 2024 [62] Image Generation Denoising dynamics Geometrical analysis of denoising and showing generalized manifold.

McCart et al., 2024 [76] Neuroscience Semantic structuring Disentangled representations of behavior in neural signals from monkeys.

Popov & Tuba, 2024 [42] Image Generation Data attribution Data attribution via Cold Diffusion and transformer embeddings.

Prasad et al., 2024 [59] Image generation Denoising dynamics EvolvED: Embed intermediate outputs into 2D space, preserving semantics.

tify structured semantic regimes within the generative
process.

Several methods pinpoint the timing of semantic
decisions by attributing specific features to individual
timesteps. Li et al. [69] use Partial Information De-
composition (PID) to isolate the unique, redundant, and
synergistic information contributions of different stages.
Others use feature-activation visualization [70], where
internal features are isolated to reveal mono-semantic
properties, and hierarchical belief modeling [71] to map
how and when semantic content becomes established and
propagated through the denoising chain.
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16  U-Net DDPM (DDPM only)

Diffusion Architectures of Included Papers

Fig. 4. Counts of papers showing the spread of model architecture
types investigated in the contained literature.

Within the text-to-image setting, a growing body of
work investigates the temporal unfolding of alignment
between text and image during denoising. For example,
Qu et al. [77] introduce a discriminative probing ap-

proach to identify which timesteps are most responsible
for semantic alignment, revealing that meaningful text-
image associations emerge only in specific mid-to-late
stages of denoising. Similarly, Gandikota et al. [78]
analyze how concept-specific attention evolves, showing
that early layers contribute to object layout and spatial
structure, while later steps refine texture and appearance,
often entangled with specific prompt elements.

Mahajan et al. [79] extend this by analyzing when
prompts activate attention heads, uncovering patterns
of delayed or phase-specific conditioning, especially
for complex or compositional prompts. These findings
also indicate that semantic alignment is not uniformly
imposed through the sampling trajectory, but instead
emerges in discrete phases, shaped by both architectural
factors and prompt design. Understanding how and when
prompts shape the generated output provides insights
into failure modes such as prompt forgetting, as well as
into broader questions of how internal representations
align with human intent.

Video generation has also received attention in this
context. Xiao et al. [80] demonstrate that pretrained
diffusion models implicitly encode motion, and that
intermediate denoising states can be interpreted as la-
tent motion trajectories. This suggests that denoising
dynamics can serve as a form of unsupervised motion
parsing, offering a temporally grounded interpretability
signal even in higher-dimensional generative settings.

https://www.computer.org/csdl/proceedings-article/cvpr/2022/694600l1462/1H0NngAxbTa
https://proceedings.neurips.cc/paper_files/paper/2024/file/30bdd694743e381f9ba679ec49dab866-Paper-Conference.pdf
https://www.mdpi.com/1099-4300/26/5/381
https://openreview.net/pdf?id=Jszf4et48m
https://proceedings.neurips.cc/paper_files/paper/2023/file/56a7b9a07ae01ddea762dcc51280298b-Paper-Conference.pdf
https://arxiv.org/pdf/2312.14965
https://dl.acm.org/doi/abs/10.5555/3692070.3693712
https://proceedings.neurips.cc/paper_files/paper/2023/file/d0da30e312b75a3fffd9e9191f8bc1b0-Paper-Conference.pdf
https://proceedings.mlr.press/v202/wang23ah/wang23ah.pdf
https://openaccess.thecvf.com/content/ICCV2023/html/Xu_Versatile_Diffusion_Text_Images_and_Variations_All_in_One_Diffusion_ICCV_2023_paper.html
https://link.springer.com/chapter/10.1007/978-3-031-31975-4_1
https://www.nature.com/articles/s41467-024-54281-3
https://ieeexplore.ieee.org/abstract/document/10944048
https://arxiv.org/pdf/2310.02557
https://pubmed.ncbi.nlm.nih.gov/39130199/
https://ieeexplore.ieee.org/stamp/stamp.jsp?arnumber=10527277
https://arxiv.org/pdf/2406.17462
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B. Interpreting Semantic Evolution in X and Z-space

While the previous section examined the global be-
haviors of denoising dynamics, this section focuses on
studies that analyze the latent semantic content repre-
sented at each timestep from the intermediate outputs.
In diffusion models, generation progresses via a reverse-
time trajectory denoted by {xt}t=T→0 (or {zt}t=T→0

in latent diffusion models), where xT is pure Gaussian
noise and x0 is the resultant coherent sample. A se-
quence of intermediate latent states is constructed by
iteratively applying the denoising model. For pixel-space
models, each xt lies in X = RH×W×C ; (for latent
diffusion models, each zt lies in Z = Rh×w×c). At
each timestep t, the model receives xt (or zt) as input
and predicts either x̂0, or the noise component ϵ̂θ(xt, t),
depending on the parametrization. Successive states are
generated by drawing the next sample xt−1 (or zt−1)
using these predictions within Equation 4. Together,
these states form the generation trajectory, which serves
as the basis for analyzing how semantic structure unfolds
over time in X and Z space. Table V lists papers relating
to all latent space analyses.

1) X -space: Several studies analyze how semantics
become embedded in the intermediate states xt. Zhu
et al. [84] demonstrate that high-level attributes such
as gender, age, or presence of objects become linearly
separable within X at specific timesteps. By training
linear Support Vector Machines (SVMs) on inverted
trajectories, they identified semantic directions that could
be exploited for boundary-guided manipulation without
fine-tuning. Wang et al. [12] extended this by using
geometric probes such as Singular Value Decomposition
(SVD) and clustering to analyze how semantic axes
become increasingly aligned with principal components
during denoising, suggesting a progressive disentangle-
ment of content from noise.

Further geometric insights involve unsupervised meth-
ods [81], [82], [85], to extract interpretable directions
in X based on curvature and geodesic structure. Here,
Riemannian analysis reveals that semantic transforma-
tions correspond to low-curvature paths, suggesting the
model’s latent manifold is structured to support efficient
semantic traversal. Tumanyan et al. [83] offer a comple-
mentary perspective by intervening in X with external
guidance, treating it as a rich target space for plug-and-
play editing.

2) Z-space: In LDMs, the intermediate latent vari-
ables zt serve an analogous role to xt in pixel-based
models, though they reside in a compressed feature
space. Several works examine the structure and orga-
nization of Z to uncover how semantic concepts are
encoded and disentangled during generation. For exam-
ple, Burgess et al. [91] investigate viewpoint disentangle-
ment, demonstrating that spatial transformations such as

camera rotation are captured in structured subspaces of
Z that evolve predictably over denoising steps. Tagaki
& Nishimoto, [88] focus on identity representation by
mapping brain activity to diffusion features, revealing
that identity-specific information is preserved in distinct
latent channels during generation.

Zhu et al. [13] introduce Latent Explainer, a model
agnostic contrastive probing framework that aligns user-
defined semantic concepts with directions in Z , en-
abling controlled manipulation and interpretation of la-
tent codes. Concept vector alignment is further explored
by Wang et al. [89], who show that guidance signals,
such as classifier gradients or textual prompts, corre-
spond to semantically meaningful directions, particularly
at early and intermediate denoising stages.

Other recent works use generative probing meth-
ods [14], [86], [87], [90], [92], in which specific neurons,
channels, or token embeddings are activated or perturbed
within Z to generate diagnostic outputs. This technique
helps localize semantic attributes to specific spatial re-
gions within the latent representation, and track their
temporal emergence across timesteps, yielding a fine-
grained interpretability map of the latent space of the
model, albeit for certain attributes only.

These studies demonstrate progressive and structured
evolution of semantic encoding along the denoising
trajectory, with later timesteps containing more linearly
accessible and disentangled features. While X provides
a direct view of the model’s reconstruction behavior, Z
offers a compressed basis for probing the semantics of
generation.

C. H-space: U-Net Feature Representations

In most image and text-to-image interpretability pa-
pers reviewed, the U-Net architecture serves as the
primary backbone for the denoising process. The hidden
feature maps within this network, collectively referred
to as H-space, capture transient semantic information
across spatial layers and diffusion timesteps. Examin-
ing feature trajectories over time and probing specific
architectural layers makes H-space a rich area for inter-
pretability research.

A foundational study by Kwon et al. [15] showed
that aggregated U-Net features contain global, linearly
editable directions. By performing vector arithmetic in
H-space, they enabled semantic edits such as altering
object identity or pose. This study highlighted the U-
Net bottleneck as a key region of interest and laid
the groundwork for much subsequent interpretability
research.

Building on this, several supervised methods ex-
plicitly align U-Net features with labeled attributes to
extract disentangled concept directions. Baranchuk et
al. [93] first showed that attribute classifiers trained
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TABLE V
INCLUDED PAPERS: POSTHOC - LATENT SPACE INTERPRETABILITY

Authors and Link Domain Core Focus Area Contribution Summary

X -space Interpretability
Park et al., 2023 [81] Image Generation Riemannian Geometry Use of pull-back metrics to interpret latent dynamics across timesteps.

Park et al., 2023 [82] Image Generation Riemannian Geometry Demonstrate a curved manifold of disentangled semantic directions.

Tumanyan et al., 2023 [83] Image2Image Dimension Reduction Intermediate representations drive semantic and structural consistency.

Zhu et al., 2023 [84] Image generation Semantic Discovery BoundaryDiffusion: Distance analysis in latent space for one-step editing.

Park et al., 2024 [85] Text2Image Temporal Denoising Target areas of saliency maps, feature maps and exponential sampling.

Z-space Interpretability
Brack et al., 2023 [86] Text2Image Noise Prediction SEGA: sparse subsets of latent dimensions encode distinct concepts.

Chen, et al., 2023 [87] Image generation Scene Geometry Linear representations of 3D depth in early denoising & causal roles.

Tagaki & Nishimoto, 2023 [88] Neuroscience Semantic Reconstruction Uses brain fMRI and representations in LDM, to reconstruct imagery.

Wang, et al., 2023 [89] Text2Image Semantic Combinations Show linear composition of semantic attributes via concept encoding.

Wu et al., 2023 [90] Text2Image Attribute pairing Semantic disentanglement of content and style at different timesteps.

Burgess, et al., 2024 [91] Text2Image Textual Inversion ViewNeTI: (Viewpoint Neural Textual Inversion), encodes 3D from 2D.

Kong et al., 2024 [14] Text2Image Hierarchical Analyses Concept-learning as a task of discrete latent hierarchical model.

Zhu et al., 2024 [13] Text2Image Semantic Evolution LatentExplainer: Multi-modal LLMs for perturbation explanations.

Huang, et al., 2025 [92] Text2Image Semantic Evolution TIDE: Temporal-aware Interpretable Diffusion transformErs.

Wang et al., 2025 [12] Text2Image Semantic Evolution Discovers editable semantic properties in Z-space using SVD.

H-space Interpretability
Baranchuk et al., 2021 [93] Image segmentation Feature Discovery Enable high-level semantic segmentation using latent representations.

Gandikota et al., 2023 [78] Image Generation LoRA Directions ConceptSliders: LoRA to identify semantic attributes and apply control.

Ismail et al., 2023 [94] Image Generation Concept Discovery Uses concept bottleneck layer to describe and steer output samples.

Kwon et al., 2023 [15] Image Generation Semantic Discovery Asyrp: Seminal work identifying semantic representations and properties.

Liu et al., 2023 [95] Text2Image Concept Discovery Cones: Semantic modular encoding based on human brain analogy.

Yang et al., 2023 [96] Image Generation Score-based Analysis DissDiff : Unsupervised disentanglement via sub-gradient field analyses.

Zhang et al., 2023 [97] Image Generation Semantic Discovery Application of GAN Latent discovery methods to diffusion models.

Chefer et al., 2024 [98] Text2Image Semantic Discovery Conceptor: Textual concepts as combinations of interpretable elements.

Dalva & Yanardag, 2024 [99] Image Generation Semantic Discovery NoiseCLR: Contrastive method method for semantic representations.

Haas et al., 2024 [16] Image Generation Semantic Discovery Global and local features from images using PCA and spectral analysis.

He et al., 2024 [100] Image Generation Semantic Discovery LatentFace: Self-supervised learning for facial features and identity.

Kim et al., 2024 [70] Image Generation Semantic Discovery Isolate monosemantics across differing model states and architectures.

Kouzelis et al., 2024 [101] Image Generation Semantic Discovery Use of Joint and Individual Variation Explained (JIVE) for local edits.

Li et al., 2024 [102] Text2Image Semantic Discovery Identification of desired concepts for responsible image generation.

Varshavsky et al., 2024 [103] Text2Speech Semantic Discovery Supervised & unsupervised semantic discovery applied to Text2Speech.

Yang et al., 2024 [104] Image reconstruction Semantic Discovery Use of semantic representations for content recovery and haze removal.

Zeng et al., 2024 [105] Text2Image Semantic Discovery Discover clusters of vectors to facilitate natural language descriptions.

Gandikota et al., 2025 [106] Text2Image Semantic Structure SliderSpace: Directions from a text prompt, using low-rank adaptors.

Park et al., 2025 [17] Image Generation Semantic Discovery Optimizing latent directions for disentangled multi-attribute editing.

Shi et al., 2025 [107] Image Generation Semantic Discovery DiffLens: Mechanistic interpretability for identifying bias pathways.

on bottleneck features could enable semantic control,
such as manipulating facial expressions. He et al. [100]
and Shi et al. [107] each extend this approach using
fine-grained supervision for part-level segmentation and
class-conditioned editing. Other works, including Park et
al. [17], Varshavsky et al. [103], and Haas et al. [16],
employ auxiliary classifiers or concept-aligned probes to
identify and steer latent directions, enabling controlled
interventions over both spatial regions and semantic
attributes.

In parallel, unsupervised methods reveal that H-space
naturally organizes around interpretable axes, even with-
out external labels. Yang et al. [96] use clustering and
linear probes to identify semantic directions across U-
Net layers and timesteps. Li et al. [102] and Zhang et
al. [97] apply reconstruction and variational objectives
to extract consistent representations along the diffusion
trajectory. Dalva & Yanardag [99] employ contrastive
learning to discover latent edit paths, while Zeng et
al. [105] incorporate large language models to annotate

https://proceedings.neurips.cc/paper_files/paper/2023/file/4bfcebedf7a2967c410b64670f27f904-Paper-Conference.pdf
https://arxiv.org/pdf/2302.12469
https://openaccess.thecvf.com/content/CVPR2023/papers/Tumanyan_Plug-and-Play_Diffusion_Features_for_Text-Driven_Image-to-Image_Translation_CVPR_2023_paper.pdf
https://proceedings.neurips.cc/paper_files/paper/2023/file/f737da5ea0e122870fad209509f87d5b-Paper-Conference.pdf
https://doi.org/10.1016/j.eswa.2024.123231
https://proceedings.neurips.cc/paper_files/paper/2023/file/4ff83037e8d97b2171b2d3e96cb8e677-Paper-Conference.pdf
https://nips.cc/virtual/2023/74894
https://openaccess.thecvf.com/content/CVPR2023/papers/Takagi_High-Resolution_Image_Reconstruction_With_Latent_Diffusion_Models_From_Human_Brain_CVPR_2023_paper.pdf
https://proceedings.neurips.cc/paper_files/paper/2023/file/6f125214c86439d107ccb58e549e828f-Paper-Conference.pdf
https://openaccess.thecvf.com/content/CVPR2023/papers/Wu_Uncovering_the_Disentanglement_Capability_in_Text-to-Image_Diffusion_Models_CVPR_2023_paper.pdf
https://link.springer.com/chapter/10.1007/978-3-031-73039-9_24
https://proceedings.neurips.cc/paper_files/paper/2024/file/411fa9d368b5485be4c6bb62615b365e-Paper-Conference.pdf
https://arxiv.org/pdf/2406.14862
https://arxiv.org/pdf/2503.07050
https://arxiv.org/pdf/2502.02225
https://arxiv.org/pdf/2112.03126
https://link.springer.com/chapter/10.1007/978-3-031-73661-2_10
https://openreview.net/pdf?id=L9U5MJJleF
https://yonsei.elsevierpure.com/en/publications/diffusion-models-already-have-a-semantic-latent-space
https://proceedings.mlr.press/v202/liu23j.html
https://openreview.net/pdf?id=3ofe0lpwQP
https://arxiv.org/pdf/2310.09912v3
https://weizmann.elsevierpure.com/en/publications/the-hidden-language-of-diffusion-models
https://openaccess.thecvf.com/content/CVPR2024/papers/Dalva_NoiseCLR_A_Contrastive_Learning_Approach_for_Unsupervised_Discovery_of_Interpretable_CVPR_2024_paper.pdf
https://ieeexplore.ieee.org/stamp/stamp.jsp?arnumber=10581912
https://arxiv.org/pdf/2309.08273
https://arxiv.org/pdf/2411.16725
https://arxiv.org/abs/2408.16845
https://ieeexplore.ieee.org/stamp/stamp.jsp?arnumber=10657648
https://aclanthology.org/2024.acl-short.24.pdf
https://link.springer.com/chapter/10.1007/978-3-031-72784-9_21
https://openreview.net/pdf?id=EALy79qg9l
https://arxiv.org/pdf/2502.01639
https://ieeexplore.ieee.org/stamp/stamp.jsp?arnumber=10920714
https://arxiv.org/abs/2503.20483
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clustered features, translating internal activations into
natural language descriptions.

Building on these insights, recent work has developed
post-hoc tools to identify and manipulate interpretable
directions within the latent space H. Chefer et al. [98]
propose the Conceptor framework, which learns pseudo-
token vectors aligned with specific textual concepts.
A lightweight multi-layer perceptron is trained to re-
construct images generated from a concept prompt; it
then assigns weights to vocabulary tokens, revealing an
interpretable decomposition of the concept. This reflects
how the model internally represents semantic meaning,
exposing interesting associations, e.g., the model en-
codes a snake as a twisted gecko. This method supports
both semantic editing and compositional analysis of
generated content.

In parallel, Gandikota et al. [106] introduce Slider-
Space, a framework for uncovering semantically mean-
ingful directions within the denoising trajectory of dif-
fusion models. Instead of relying on hand-crafted at-
tributes, they extract low-dimensional subspaces by ap-
plying principal component analysis to residual activa-
tions computed from prompt pairs (e.g., a neutral face
vs. smiling face). These Slider Spaces allow smooth
interpolation between concepts and generalize across
architectures, including both U-Net and transformer-
based diffusion models.

Most interpretability methods focus on the latent
or activation spaces of diffusion models, particularly
within the U-Net architecture. In contrast, Dravid et
al. [108] propose the w2w framework, which treats the
model’s weight space itself as a generative manifold.
By interpolating between trained model checkpoints,
w2w enables semantic editing, inversion, and controlled
sampling—extending interpretability beyond feature ac-
tivations to the parameters of the model itself.

Gandikota et al. [78] explore cross-model semantic
alignment by transferring concept directions from Style-
GAN to diffusion models. Using external priors, they
demonstrate that diffusion models share structural repre-
sentations with other generative architectures, suggesting
common underlying semantics across model families.

Although the U-Net bottleneck is established as a
rich source of global and editable semantic vectors,
recent work provides additional nuance by examining
how concepts emerge and propagate across both time
and architectural depth. Studies such as DisDiff [96]
and DiffLI2D [104] apply layer-wise probing to trace a
hierarchical evolution of features: early layers encode
coarse patterns, mid layers capture high-level seman-
tics, and later layers refine visual details. These find-
ings complement earlier analyses of denoising dynamics
(Section IV-A) and reinforce that while the bottleneck
concentrates semantic information, surrounding layers

also play distinct roles. Kim et al. [70] and Zeng et
al. [105] further support this by showing that semantic
richness peaks at mid-layers and mid-timesteps, where
abstract concepts are most clearly represented.

D. Attribution-Based Interpretability

Attribution-based methods aim to identify how differ-
ent sources of influence, either inputs at sampling time
or training data, shape the outputs of diffusion models.
Input attribution can be in the form of classifier guid-
ance or text input. In text-to-image settings, this often
involves understanding how individual prompt tokens or
phrases drive the emergence of specific visual features.
In training data attribution, approaches investigate which
training instances are most influential for particular gen-
erations and some aim to identify memorization. We
structure this section into two subcategories: input data
attribution and training data attribution.

1) Input Attribution via Cross-Attention and Saliency:
Text-to-image diffusion models rely heavily on cross-
attention to align linguistic and visual representations.
Studies in this domain seek to map prompt tokens to
generated features or spatial regions, often leveraging
attention scores, gradient-based attribution, or geometric
probing of internal representations.

A foundational method in this area is DAAM (Dif-
fusion Attentive Attribution Maps) by Tang et al. [109],
which visualizes high-resolution spatial heatmaps linking
prompt tokens to image regions. Applied to an early
release of Stable Diffusion [23], DAAM traces how lan-
guage concepts influence denoising over time, revealing
the evolving impact of cross-attention during generation.

Later works extend and deepen attention-based inter-
pretability. Chen et al. [110] introduce Time-aware Dual
Cross-Attention (TDCA), which visualizes evolving at-
tention patterns across both U-Net layers and denoising
steps. By separating coarse and fine textual cues across
early and late layers, it reveals how semantic attributes
are resolved hierarchically.

Voynov et al. [111] propose P+, which injects struc-
tured prompt representations into cross-attention layers
at different U-Net stages, showing how different layers
encode specific semantic attributes and providing insight
into the spatial and hierarchical role of cross-attention in
generation. Similarly, Liu et al. [95] identify modular
concept neurons in attention maps, enabling the sup-
pression or enhancement of specific visual concepts via
gradient attribution.

Wang et al. [89] introduce Concept Algebra, a frame-
work for algebraically manipulating cross-attention vec-
tors to perform semantic operations such as addition,
subtraction, and abstraction. This reveals that cross-
attention layers form a structured and linearly navigable
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latent space analogous to the H-space concept directions
proposed by [15], [16].

Further interpretability is enabled by mechanistic trac-
ing methods such as DIFF-QUICKFIX [112] and Loco-
Gen [113] , which localize semantic concepts to specific
neuron clusters or architectural regions within the U-Net,
allowing for targeted edits and conceptual debugging.

Principled perspectives are adopted by Kong et al.
[57], who apply mutual information to quantify depen-
dencies between prompt tokens and image features, and
by Dewan et al. [114], who use partial information
decomposition to isolate the unique and redundant in-
fluences of different input tokens. Both works focus on
principled frameworks for measuring semantic contribu-
tions.

The preceding works are based on U-Net-based mod-
els. In the context of Diffusion Transformers (DiTs),
ConceptAttention [115] explores attention output space
by injecting concept embeddings during inference.
This approach yields concept-level saliency maps with
sharper, more semantically aligned visualizations than
conventional cross-attention. The authors show that
DiT’s attention heads encode contextually rich, localized
semantic features, highlighting architectural implications
for interpretability. Huang et al. [92] support under-
standing and control of concept representations during
sampling by extracting conceptual edits in an analogous
way to identifying semantic edits in U-Net H-space.

Added as a footnote to this section, although not
strictly input attribution are Cardenuto et al. [116] who
provide a method for identifying the model-type respon-
sible for an output. A type of forensic attribution, they
identify model-specific artifacts left in synthetic output.
Primarily designed for detecting fraudulent biomedical
figures (e.g., Western blots), their findings reveal that
diffusion models imprint structured textures and reduce
high-frequency noise, which may hint at broader archi-
tectural commonalities in diffusion pipelines.

2) Training Data Attribution: While input attribution
methods explain how prompts shape outputs, training
data attribution traces the influence of specific training
samples, which could be images, captions or other
inputs, on the generative behavior of diffusion models.
These approaches aim to uncover how information is
internalized during training and reused during inference.
Related papers can be found listed in Table VI.

Dai & Gifford [117] propose a counterfactual gener-
ation method that approximates influence of individual
training samples on a target output. By analyzing the
Jacobians of the score function and optimizing counter-
factual generations that match the query, they identify
training instances that are semantically and visually
aligned with the final image.

Several methods extend existing techniques in dis-

criminative analysis to diffusion models. For example,
Georgiev et al. [55] adapt the TRAK framework [123],
which was originally designed for classifiers to esti-
mate training data influence by propagating gradients
through snapshots of the model taken during training.
The adaptation to diffusion was achieved by computing
influence scores at each denoising timestep, providing
a temporally resolved view of how training examples
affect final predictions. Their work reveals how certain
examples are memorized early and exert persistent in-
fluence throughout the optimization trajectory. Xie et al.
[119] also investigate training data influence by adapting
the TracIn framework [124] which was originally de-
veloped for supervised models to estimate the influence
of training points via gradient similarity across training
checkpoints. The diffusion-aware approach introduces
Diffusion-ReTrac, which computes and aggregates gra-
dients at each denoising timestep, enabling temporally
resolved estimates of how individual training examples
contribute to the final generation. This adaptation cap-
tures the evolving influence of data across the diffusion
trajectory.

Influence from text prompts in Text2Image models
is investigated by Wen et al. [118]. They propose a
detection-based framework to identify cases where the
model has overfit to a prompt by assessing the strength
of the association between the input prompt and the gen-
erated output, higher magnitudes suggesting a stronger
likelihood that the prompt is tied to memorized content.

Mlodozeniec et al. [120] extend classical influence
functions to diffusion models by proposing a principled
and scalable Hessian approximation. They introduce a
Generalized Gauss–Newton (GGN) estimator that lin-
earizes the model output rather than the loss, enabling
more theoretically grounded influence estimates. Their
method retains consistency with the diffusion training
objective and is amenable to efficient Monte Carlo
approximation.

These methods support a more accountable and trans-
parent view of generative model behavior by revealing
internal pathways from data input to generation and
impacting application areas such as copyright and bias.
Popov & Tuba [42] put copyright at the core of their
novel cold-diffusion approach which re-engineers the
generative process to allow complete traceability from
output to training data. Rather than use stochastic noise,
they employ structured operators derived from citation
data. The model outputs both the generated visual and
accompanying metadata, enabling fully accountable con-
tent generation.
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TABLE VI
INCLUDED PAPERS: DATA ATTRIBUTION ANALYSES

Authors and Link Domain Core Focus Area Contribution Summary

Model-level Attribution
Cardenuto et al., 2023 [116] Image Generation Forensic attribution Identified Diffusion-specific artifacts in synthetic output.

Training Data Attribution
Dai & Gifford, 2023 [117] Image Generation Data ablation analysis Ensemble-based method to trace influential training data.

Georgiev et al., 2023 [55] Image generation Counterfactual analysis Identify influential samples at points along sampling trajectory.

Wen, et al., 2024 [118] Text2Image Memorisation Identify trigger-tokens with adapted data-attribution correlation metric.

Xie, et al., 2024 [119] Image Generation Gradient based attribution Diagnose & correct timestep-induced bias in data influence estimation.

Mlodozeniec et al., 2025 [120] Image generation Influence function analysis Approximates how output would change if data were removed.

Input Attribution
Tang, et al., 2022 [109] Text2Image Cross attention mapping DAAM: Diffusion Attentive Attribution Maps. Seminal work.

Basu, et al., 2023 [112] Text2Image Causal mediation DIFF-QUICKFIX: Causal tracing localizing knowledge for editing.

Voynov, et al., 2023 [111] Text2Image Textual input space XTI: Extended Textual Inversion - injects tokens into x-attn layers.

Basu, et al., 2024 [113] Text2Image Causal tracing LOCOGEN: Localised Generation. Concept identification.

Dewan, et al., 2024 [114] Text2Image Information-theoretic Information decomposition to decompose prompt token influence.

Kong, et al., 2024 [57] Text2Image Information-theoretic Partial information decomposition applied to prompt tokens.

Park & Jang, 2024 [121] Image2Image Bi-directional attribution I2AM: Image to Image bidirectional Attribution Mapping.

Pennisi, et al., 2024 [122] Image Generation Hierarchical modeling Diffexplainer: Synthesized visuals reveal automatic cross-modal bias.

Chen, et al., 2025 [110] Text2Image Cross attention analysis TDCA: Time-aware Dual Cross Attention (plug and play).

Helbling, et al., 2025 [115] Text2Image Attention saliency maps ConceptAttention: Investigate attention outputs in DiTs.

Park, et al., 2025 [56] Text2Image Cross attention relevance Head Relevance Vectors for cross-attention head importance.

E. Holistic Interpretability and Diffusion Specific Eval-
uation Metrics

Interpretability approaches in this category focus on
global behaviors of diffusion models, assessing genera-
tion quality and diversity at the distributional level. These
works provide insights that go beyond individual samples
or model components. Further, the unique mechanisms
underlying diffusion-based generation pose challenges
for conventional evaluation. While standard generative
metrics like FID [20], Inception Score (IS) [125],
and the Disentanglement-Completeness-Informativeness
(DCI) score [126] are widely used, they may offer
only limited insight into the temporal, semantic, or
conditioning-dependent dynamics specific to diffusion
processes. These metrics, originally developed for GANs
or latent variable models, may overlook failure modes
and behavioral signals crucial for the interpretability
of diffusion models. Evaluation metrics, both new and
modified for diffusion, are listed in Table VII.

Several studies aim to understand how well diffusion
models capture the overall data distribution or repro-
duce meaningful semantic boundaries; the discriminative
probing framework developed by Qu et al. [77], not only
contributes to denoising dynamics to evaluate the in-
ternal semantic understanding of text-to-image diffusion
models but also helps assess the model’s performance
on overall image-text matching (ITM) and referring

expression comprehension (REC) tasks, treating these
as proxies for compositional and referential understand-
ing. Distributional boundaries is also investigated by
Lee et al. [127], who propose a method to interrogate
the distributional reliability of diffusion-based synthe-
sis in robotics. Drawing from the iterative generative
mechanisms of diffusion models to “stitch” together
plausible yet unseen trajectories [128], they inspect
how models extrapolate beyond the training distribution
in robotic navigation plans. By detecting infeasible or
structurally implausible outputs, they quantify a model’s
tendency to generate out-of-distribution solutions using
their diffusion-bespoke metric: restoration gap, to reveal
areas of uncertainty in learned generative dynamics.
Uncertainty is also exploited by Wu et al. [129] for
image anomaly detection with their Masked Diffusion
Posterior Sampling (MDPS) method. Unsupervised and
grounded in Bayesian inference, they condition denois-
ing on partially masked inputs and sample from the
posterior p(x0 | y). Their method localizes model
uncertainty across an image, thereby mapping regions
of low model familiarity and visualizing with heat-maps.
This spatial decomposition highlights deviation from the
learned data manifold.

A model agnostic focus is taken by Ravuri et al. [132]
and Kim et al. [130], in particular to address the need for
evaluation methods and metrics which are particularly
suited to generative models. Ravuri et al. [132] propose

https://ieeexplore.ieee.org/stamp/stamp.jsp?arnumber=10810680&casa_token=8CyxZ_Cd-7EAAAAA:q3XuXE8RRxOW9QuVxdDMAf_hJ6DL83MsWPS83A902sPK4JCeAgucrknnFvH9ytImsMk50YOcZA&tag=1
https://arxiv.org/pdf/2306.02174
https://openreview.net/pdf?id=9hK9NbUAex
https://openreview.net/pdf?id=84n3UwkH7b
https://openreview.net/pdf?id=P3Lyun7CZs
https://openreview.net/pdf?id=esYrEndGsr
https://aclanthology.org/2023.acl-long.310.pdf
https://openreview.net/pdf?id=Qmw9ne6SOQ
https://arxiv.org/pdf/2303.09522
https://openreview.net/pdf?id=fsVBsxjRER
https://proceedings.neurips.cc/paper_files/paper/2024/file/03d113a060c0ac93a5859517a0f07271-Paper-Conference.pdf
https://openreview.net/pdf?id=X6tNkN6ate
https://arxiv.org/pdf/2407.12331
https://arxiv.org/pdf/2404.02618
https://www.sciencedirect.com/science/article/pii/S0925231225002632
https://doi.org/10.48550/arXiv.2502.04320
https://arxiv.org/abs/2412.02237
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TABLE VII
DIFFUSION-SPECIFIC EVALUATION METRICS

Metric(s) Description Source

Restoration Gap Trajectory deviation in robotic
planning

Lee et al. [127]

MDPS Bayesian anomaly detection via
masked conditioning

Wu et al. [129]

DF-GRAM, DF-RISE Adapted Grad-CAM/RISE for dif-
fusion saliency

Park et al. [85]

SaD, PaD, HCS Attribute-aware KL and multi-
modal CLIPScore variants

Kim et al. [130]

IRS Real-image recall diversity via syn-
thetic queries

Dombrowski et al. [131]

GELs Model-agnostic eval via moment
conditions

Ravuri et al. [132]

Noise Magnitude Signal Overfitting detection via noise
strength

Wen et al. [118]

a principled framework based on Generalized Empir-
ical Likelihood (GEL) to diagnose and evaluate deep
generative models (including diffusion), by recasting
evaluation metrics as moment conditions. Their method
enables the construction of interpretable tests that can
identify key failure modes such as mode dropping, mode
imbalance, and improper label conditioning, without
requiring access to model likelihoods. By defining flexi-
ble, kernel-based moment constraints, there is capability
for both aggregate and per-sample diagnostic scores.
Kim et al. [130] address the limitations of standard
evaluation metrics such as FID and CLIPScore [133] by
proposing a new suite of attribute-based interpretability
metrics for generative models. By using their modified
metric, Heterogeneous CLIPScore (HCS), they improve
the sensitivity and interpretability of similarity scores
between image and text embeddings. Additionally, they
define two further divergence-based metrics: Single-
attribute Divergence (SaD), which quantifies over or
under representation of specific attributes via KL diver-
gence between attribute distributions in generated and
training data; and Paired-attribute Divergence (PaD),
which measures how well a model preserves joint at-
tribute relationships. Using these metrics, they observe
that increasing the number of sampling steps in LDMs
can improve FID but worsen SaD, suggesting a trade-
off between fine-grained detail and attribute consistency.
Dombrowski et al. [131] also highlight the limitations of
existing metrics in assessing the diversity of generative
models, particularly diffusion models. They introduce
the Image Retrieval Score (IRS), an interpretable and
hyperparameter-free metric that quantifies diversity by
measuring how many real images can be retrieved using
synthetic data as queries. Their evaluation reveals that
current diffusion models capture at most 77% of the
diversity present in training data. To address this, they
propose Diversity-Aware Diffusion Models (DiADM),
which incorporate a diversity-aware module utilizing
pseudo-unconditional features to enhance output diver-
sity without compromising image quality. This approach

disentangles diversity from fidelity, offering a more nu-
anced understanding of generative model performance.
Memorization is the focus for Wen et al. [118] who
demonstrate that the magnitude of noise predictions in
text-conditioned diffusion models serves as a measurable
proxy for content memorization. Their quantitation helps
to assess the strength of the model’s response to partic-
ular inputs and allows for the detection of overfitting to
specific training samples.

Xue et al. [134], introduce SingVisio, an interactive
visual analytics (IVA) tool designed to examine the
generation of Singing Voice Conversion (SVC) using
the DiffWaveNetSVC diffusion model. SingVisio allows
users to explore five interactive and hierarchical vi-
sualizations of denoising, facilitating detailed analysis
and diagnosis of various stages of generation. This
visualization-centred approach is a powerful mechanism
for assimilating the vast quantitative outputs required to
comprehensively interpret diffusion models.

V. DISCUSSION

Below, we collate our findings in response to the
guiding research questions in Section I-A.

A. Interpretable Diffusion Models Across Domains
(RQ1)

Interpretability research for diffusion models remains
concentrated in computer vision tasks (See Table III
and Fig. 3); over 90% of surveyed studies focus on
visual domains, including image generation and editing
(52%) and text-to-image synthesis (38%). This distri-
bution reflects a broader application landscape: Ma et
al. [135] estimate that over 85% of diffusion-related
papers between 2022 and 2024 address visual problems.
As diffusion continues expanding into new fields [4],
interpretability research is anticipated to follow.

In image generation, the most prevalent interpretabil-
ity techniques involve latent space analysis. Researchers
probe intermediate trajectories or representations to trace
how semantic features emerge and evolve over diffusion
steps. These insights enable users to understand and
manipulate outputs by identifying disentangled attributes
and concept alignment. Most methods target model-
specific structures such as U-Nets (Fig. 4), reflecting the
tight coupling between architecture and interpretability
strategy in this space.

For Text2Image (T2I) tasks, interpretability efforts
naturally focus on cross-modal components of diffusion
models. Cross-attention analysis is central, with methods
that visualize how text prompts influence generated con-
tent, or align prompt tokens to image regions [56], [90],
[91], [95], [109]–[111]. Some works also adapt post-
hoc attention tools from transformer models to diffusion
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TABLE VIII
INCLUDED PAPERS: OTHER POSTHOC - HOLISTIC OUTPUTS & DENOISING DYNAMICS

Authors and Link Domain Core Focus Area Contribution Summary

Holistic Analyses
Lee, et al., 2023 [127] Robotic Planning Distributional Feasibility Introduce a metric to identify likely out-of-distribution outputs.

Ravuri, et al., 2023 [132] Image Generation Model Agnostic Analysis Generalized empirical likelihood to evaluate generative models.

Xue, et al., 2024 [134] Audio Conversion Interactive Visual Analytics Interactive dashboard containing 5 hierarchical views of denoising.

Dombrowski, et al., 2024 [131]Image Generation Diversity analysis DiADM: Diversity Aware Diffusion Models, using pseudo-labels.

Kim, et al., 2024 [130] Image Generation Model Agnostic Analysis Diffusion metrics to reveal significant attributes and relationships.

Qu, et al., 2024 [77] Text2Image Text-Image Alignment Image-Text Matching & Referring Expression Comprehension.

Wu, et al., 2024 [129] Image Generation Anomaly Detection MDPS: Masked Diffusion Posterior Sampling, evaluates uncertainty.

Weight Space Analysis
Dravid, et al., 2024 [108] Image Generation Weight Space Analysis w2w: weights2weights, weight space as a low-dimensional manifold.

Denoising Dynamics
Deja, et al., 2022 [66] Image Generation Performance Analysis Tracks generation quality across denoising steps to uncover biases.

Mahajan, et al., 2023 [79] Text2Image Text-image Alignment Interpretable language for target images using prompt inversion.

Li & Chen, 2024 [69] Image Generation Hierarchical Modelling Decision windows of feature hierarchies for multimodal distributions.

Xiao, et al., 2024 [80] Video Generation Motion Features Analysis MOFT: MOtion FeaTure, motion information from temporal features.

Sclocchi, et al., 2025 [71] Image Generation Hierarchical Modelling Show phase transition of low to high-level features during sampling.

architectures [115], accounting for the iterative nature of
denoising.

Beyond image and T2I domains, interpretability re-
search is limited but growing. Existing studies take
a holistic view, analyzing model outputs or learned
dynamics in domains such as audio, video, and multi-
modal synthesis [80], [127], [134]. Although small in
number, these works demonstrate the adaptability of
interpretability tools and the need for generalizable meth-
ods as diffusion models move into new application areas.

Finally, across all domains, intrinsically interpretable
diffusion architectures remain comparatively rare (21%),
possibly due to ongoing trade-offs between transparency
and model complexity [40], [136]. As diffusion models
are increasingly deployed in high-stakes contexts, em-
bedding interpretability at the architectural level, rather
than relying solely on post-hoc tools, represents a key
direction for future research.

B. Target Areas for Diffusion Model Interpretability
(RQ2)

Interpretability research on diffusion models spans
a wide range of targets across the generative process.
Based on our review, we organize these into a taxonomy
(Fig. 5) covering both post-hoc and intrinsic approaches.
Among 81 papers, the vast majority (n=65) take a post-
hoc view, with the remaining 17 focusing on intrinsic
model design.

Within post-hoc methods, the most active area is La-
tent Space analysis (n=35). These studies interrogate hid-
den representations at various levels, including H-space
(U-Net hidden states), Z-space (VAE-style latents), and
X -space (input/output embeddings), to understand how

semantic concepts emerge or transform during denoising.
This line of work is particularly dominant in vision tasks,
and often aims to link latent trajectories to interpretable
features for editing, steering, or conceptual discovery.

The next most common post-hoc category is Data
Attribution (n=16), where researchers examine how spe-
cific inputs or training examples influence generated
outputs. This includes input-level saliency and prompt
attribution [109], [111], as well as methods to trace
training data contributions [119] or detect memoriza-
tion [118]. These studies provide critical insights into
model behavior and failure modes, especially in tasks
involving prompt-to-image translation.

Denoising Dynamics (n=5) is another distinctive post-
hoc category, where the focus is on how model outputs
evolve across timesteps. These works track the sharpen-
ing or disappearance of features during generation [66],
[69], helping to identify bottlenecks or semantic emer-
gence over time.

On the intrinsic side, the most active category is
Training & Denoising Interpretability (n=10), where
interpretability is integrated into the model architecture
or learning process. These studies propose mechanisms
such as phase-based learning [65], constrained represen-
tations [53], or transparency-aware objectives [58], [61].

Other intrinsic categories include Semantic Structur-
ing (n=5), which focuses on organizing latent spaces to
reflect human-interpretable dimensions [73], [75], and a
small set of Theoretical or bespoke frameworks (n=2),
which propose normative definitions or analytical tools.
The collective aim of this group of research is to build
interpretability into the denoising aspect of the model
from the ground up, rather than relying on post-hoc

https://proceedings.neurips.cc/paper_files/paper/2023/file/4c5722bad9759216474df8fc46c97af2-Paper-Conference.pdf
https://openaccess.thecvf.com/content/CVPR2023/papers/Ravuri_Understanding_Deep_Generative_Models_With_Generalized_Empirical_Likelihoods_CVPR_2023_paper.pdf
https://www.sciencedirect.com/science/article/pii/S0097849324001936
https://arxiv.org/pdf/2411.16171
https://proceedings.mlr.press/v235/kim24t.html
https://openaccess.thecvf.com/content/CVPR2024/papers/Qu_Discriminative_Probing_and_Tuning_for_Text-to-Image_Generation_CVPR_2024_paper.pdf
https://www.ijcai.org/proceedings/2024/0270.pdf
https://openreview.net/pdf?id=DAO2BFzMfy
https://openreview.net/pdf?id=nxl-IjnDCRo
https://ieeexplore.ieee.org/document/10658265
https://proceedings.mlr.press/v235/li24g.html
https://openreview.net/pdf?id=ZvQ4Bn75kN
https://arxiv.org/pdf/2402.16991v2
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(n=2) [42], [68]

Fig. 5. Taxonomy of interpretability methods for all included works.
Each citation appears only once, and is placed in the category with
which it most aligns.

probing.
Finally, we observe a small but growing interest in

more holistic methods (n=7), such as Distributional
analyses, Diversity metrics, or Visual analytics [134].
These approaches infer broader model properties con-
tributing to an explanation of a model’s performance.

Overall, the field is currently dominated by post-hoc
analyses, especially of latent representations, but there
is a visible shift toward intrinsic interpretability and
cross-domain generalization. As diffusion models are
deployed in more sensitive settings, we anticipate greater
demand for built-in interpretability and robust attribution
techniques.

C. Patterns, Gaps, and Future Opportunities (RQ3)

As diffusion models rapidly proliferate across
domains, extending from image synthesis [3] to

robotics [5], [127], planning, and audio [4], [134], there
is significant opportunity to keep pace in terms of
interpretability. We present a non-exhaustive summary of
several potential future opportunities based on areas of
missing-ness and limitations identified from examination
of the included citations:

• Emerging need for domain-specific interpretabil-
ity: The need for tailored interpretability methods
will become increasingly important across domains,
for example, identifying whether there are differ-
ences in timestep ranges for different applications
or tasks would be hugely beneficial to diffusion
understanding, not only to accommodate different
data modalities and task structures, but also to build
trust in high-stakes or embodied deployments.

• Need for interpretability in non-U-Net architec-
tures: Most existing interpretability research has
focused on diffusion models based on the U-Net
architecture. Alternative architectures, especially
diffusion transformers, are gaining traction [31],
[32]. The release of Stable Diffusion 3.0 in March
2024 [24], which adopts a transformer-based de-
sign, further highlights the growing importance of
interpreting these newer model classes.

• Latent space understanding is still nascent:
While examples shown by [16], [99], [104] demon-
strate methods to identify global semantic directions
within the latent spaces of the U-Nets, robust meth-
ods to map these semantics or generalize across
models are lacking. For example, limitations iden-
tified by [16] demonstrate that disentangled global
and local semantic categories are not straightfor-
ward to predict or identify and differ between
subject content in pretrained models.

• Out-of-distribution (OOD) behavior is underex-
plored: Particularly relevant to applications where
diffusion output is temporal (e.g., robot plan-
ning [128]), the capacity of diffusion models to
stitch together novel samples from suboptimal sub-
sequences is observed but poorly understood or ad-
equately evaluated. Greater examination of the dif-
fusion dynamics that give rise to this phenomenon
is an area of potentially keen interest.

• Lack of standard diffusion based evaluation pro-
tocols: Evaluation still remains heavily dependent
on FID and IS metrics [20], [125]. Some metrics
are being adapted [85], [118], [130], [131] and
some are created from new [127], [129], [132], but
identify a lack of breadth and descriptiveness. More
standardized interpretability benchmarks, especially
for intermediate representations, could offer greater
optimization opportunities.

• End-to-end visual analytics: Many interpretability
techniques are developed for specific facets of the
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generation process. Moving towards trustworthy AI
will benefit from consolidated frameworks such
as [134], allowing comprehensive diagnoses and
interpretability at multiple levels of granularity.

D. Limitations

This review has several limitations that we sought
to mitigate but could not fully eliminate. First, due to
the rapid pace of diffusion model research, we included
a number of pre-prints (approx. 21%), allowing us to
capture emerging methods at the risk of variability in
study rigor.

Second, designing a precise database search strategy
was challenging. Interpretability terms are inconsistently
applied across fields, and “diffusion” appears in unre-
lated contexts. As a result, citation chaining played a key
role in supplementing our coverage, though it carries a
risk of missing relevant studies.

Finally, while we adhered strictly to our inclusion
criteria to maintain a focused scope, decisions made were
still subjective, based on nuanced interpretations of each
study’s objectives and contributions. This subjectivity
invites debate on many of the edge-case exclusions
particularly as a result of second stage screening.

VI. CONCLUSION

This review provides a broad-scope overview of inter-
pretability methods applied to diffusion models. Scoping
has been applied across domains and methodological
approaches. By collating trends, categorizing techniques,
and highlighting representative works, we identify both
the strengths of current research and notable gaps facing
researchers concerned with diffusion model interpretabil-
ity. Our review offers researchers a structured and in-
formed view of the existing landscape and opportunities
to expand interpretability research.
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namical regimes of diffusion models,” Nature Communications,
vol. 15, no. 1, p. 9957, Nov. 2024.

[66] K. Deja, A. Kuzina, T. Trzcinski, and J. Tomczak, “On analyzing
generative and denoising capabilities of diffusion-based deep
generative models,” Advances in Neural Information Processing
Systems, vol. 35, pp. 26 218–26 229, 2022.

[67] F. Permenter and C. Yuan, “Interpreting and improving diffu-
sion models from an optimization perspective,” arXiv preprint
arXiv:2306.04848, 2023.

[68] L. Ambrogioni, “In search of dispersed memories: Generative
diffusion models are associative memory networks,” in Associa-
tive Memory {\&} Hopfield Networks in 2023, 2023.

[69] M. Li and S. Chen, “Critical windows: Non-asymptotic theory
for feature emergence in diffusion models,” in Proceedings of
the 41st International Conference on Machine Learning, ser.
Proceedings of Machine Learning Research, R. Salakhutdinov,
Z. Kolter, K. Heller, A. Weller, N. Oliver, J. Scarlett, and
F. Berkenkamp, Eds., vol. 235. PMLR, 2024, pp. 27 474–
27 498.

[70] D. Kim, X. Thomas, and D. Ghadiyaram, “Revelio: Interpreting
and leveraging semantic information in diffusion models,” arXiv
preprint arXiv:2411.16725, 2024.

[71] A. Sclocchi, A. Favero, and M. Wyart, “A phase transition
in diffusion models reveals the hierarchical nature of data,”
Proceedings of the National Academy of Sciences, vol. 122,
no. 1, p. e2408799121, 2025.

[72] Y. Wang, Y. Schiff, A. Gokaslan, W. Pan, F. Wang, C. De Sa,
and V. Kuleshov, “InfoDiffusion: Representation learning using
information maximizing diffusion models,” in ICML, 2023.

[73] X. Xu, Z. Wang, G. Zhang, K. Wang, and H. Shi, “Versatile dif-
fusion: Text, images and variations all in one diffusion model,”
in Proceedings of the IEEE/CVF International Conference on
Computer Vision, 2023, pp. 7754–7765.

[74] M. Zach, T. Pock, E. Kobler, and A. Chambolle, “Explicit
diffusion of gaussian mixture model based image priors,” in In-
ternational Conference on Scale Space and Variational Methods
in Computer Vision, 2023, pp. 3–15.

[75] Y. Jun, J. Park, K. Choo, T. E. Choi, and S. J. Hwang,
“Disentangling disentangled representations: Towards improved
latent units via diffusion models,” in 2025 IEEE/CVF Win-
ter Conference on Applications of Computer Vision (WACV).
IEEE, 2025, pp. 3559–3569.

[76] J. D. McCart, A. R. Sedler, C. Versteeg, D. Mifsud, M. Rigotti-
Thompson, and C. Pandarinath, “Diffusion-based generation
of neural activity from disentangled latent codes,” ArXiv, pp.
arXiv–2407, 2024.

[77] L. Qu, W. Wang, Y. Li, H. Zhang, L. Nie, and T.-S. Chua, “Dis-
criminative probing and tuning for text-to-image generation,” in
Proceedings of the IEEE/CVF Conference on Computer Vision
and Pattern Recognition, 2024, pp. 7434–7444.

[78] R. Gandikota, J. Materzynska, T. Zhou, A. Torralba, and D. Bau,
“Concept sliders: LoRA adaptors for precise control in diffusion
models,” CoRR, 2023.

[79] S. Mahajan, T. Rahman, K. M. Yi, and L. Sigal, “Prompting
hard or hardly prompting: Prompt inversion for text-to-image
diffusion models,” in Proceedings of the IEEE/CVF Conference
on Computer Vision and Pattern Recognition, 2023, pp. 6808–
6817.

[80] Z. Xiao, Y. Zhou, S. Yang, and X. Pan, “Video diffusion
models are training-free motion interpreter and controller,” in

The Thirty-Eighth Annual Conference on Neural Information
Processing Systems, 2024.

[81] Y.-H. Park, M. Kwon, J. Choi, J. Jo, and Y. Uh, “Understanding
the latent space of diffusion models through the lens of rie-
mannian geometry,” Advances in Neural Information Processing
Systems, vol. 36, pp. 24 129–24 142, 2023.

[82] Y.-H. Park, M. Kwon, J. Jo, and Y. Uh, “Unsupervised discovery
of semantic latent directions in diffusion models,” arXiv preprint
arXiv:2302.12469, 2023.

[83] N. Tumanyan, M. Geyer, S. Bagon, and T. Dekel, “Plug-and-
play diffusion features for text-driven image-to-image transla-
tion,” in Proceedings of the IEEE/CVF Conference on Computer
Vision and Pattern Recognition, 2023, pp. 1921–1930.

[84] Y. Zhu, Y. Wu, Z. Deng, O. Russakovsky, and Y. Yan,
“Boundary guided learning-free semantic control with diffusion
models,” Advances in Neural Information Processing Systems,
vol. 36, pp. 78 319–78 346, 2023.

[85] J.-H. Park, Y.-J. Ju, and S.-W. Lee, “Explaining generative
diffusion models via visual analysis for interpretable decision-
making process,” Expert Systems With Applications, vol. 248,
p. 123231, 2024.

[86] M. Brack, F. Friedrich, D. Hintersdorf, L. Struppek,
P. Schramowski, and K. Kersting, “Sega: Instructing text-to-
image models using semantic guidance,” Advances in Neural
Information Processing Systems, vol. 36, pp. 25 365–25 389,
2023.

[87] Y. Chen, F. Viégas, and M. Wattenberg, “Beyond surface
statistics: Scene representations in a latent diffusion model,”
arXiv preprint arXiv:2306.05720, 2023.

[88] Y. Takagi and S. Nishimoto, “High-resolution image reconstruc-
tion with latent diffusion models from human brain activity,” in
Proceedings of the IEEE/CVF Conference on Computer Vision
and Pattern Recognition, 2023, pp. 14 453–14 463.

[89] Z. Wang, L. Gui, J. Negrea, and V. Veitch, “Concept algebra
for (score-based) text-controlled generative models,” Advances
in Neural Information Processing Systems, vol. 36, pp. 35 331–
35 349, 2023.

[90] Q. Wu, Y. Liu, H. Zhao, A. Kale, T. Bui, T. Yu, Z. Lin,
Y. Zhang, and S. Chang, “Uncovering the disentanglement
capability in text-to-image diffusion models,” in Proceedings
of the IEEE/CVF Conference on Computer Vision and Pattern
Recognition, 2023, pp. 1900–1910.

[91] J. Burgess, K.-C. Wang, and S. Yeung-Levy, “Viewpoint tex-
tual inversion: Discovering scene representations and 3D view
control in 2D diffusion models,” in European Conference on
Computer Vision, 2024, pp. 416–435.

[92] V. S.-J. Huang, L. Zhuo, Y. Xin, Z. Wang, P. Gao, and H. Li,
“TIDE: Temporal-aware sparse autoencoders for interpretable
diffusion transformers in image generation,” CoRR, 2025.

[93] D. Baranchuk, I. Rubachev, A. Voynov, V. Khrulkov, and
A. Babenko, “Label-efficient semantic segmentation with dif-
fusion models,” arXiv preprint arXiv:2112.03126, 2021.

[94] A. A. Ismail, J. Adebayo, H. C. Bravo, S. Ra, and K. Cho,
“Concept bottleneck generative models,” in The Twelfth Inter-
national Conference on Learning Representations, 2023.

[95] Z. Liu, R. Feng, K. Zhu, Y. Zhang, K. Zheng, Y. Liu, D. Zhao,
J. Zhou, and Y. Cao, “Cones: Concept neurons in diffusion
models for customized generation,” in Proceedings of the 40th
International Conference on Machine Learning (ICML 2023),
vol. 202. PMLR, 2023, pp. 21 548–21 566.

[96] T. Yang, Y. Wang, Y. Lu, and N. Zheng, “DisDiff: Unsupervised
disentanglement of diffusion probabilistic models,” Advances in
Neural Information Processing Systems, vol. 36, pp. 69 130–
69 156, 2023.

[97] Z. Zhang, L. Liu, Z. Lin, Y. Zhu, and Z. Zhao, “Unsupervised
discovery of interpretable directions in h-space of pre-trained
diffusion models,” CoRR, 2023.

[98] H. Chefer, O. Lang, M. Geva, V. Polosukhin, A. Shocher,
M. Irani, I. Mosseri, and L. Wolf, “The hidden language of
diffusion models,” in 12th International Conference on Learning
Representations, ICLR 2024, 2024.



20 JOURNAL OF IEEE TRANSACTIONS ON ARTIFICIAL INTELLIGENCE, VOL. 00, NO. 0, MONTH YEAR

[99] Y. Dalva and P. Yanardag, “Noiseclr: A contrastive learning ap-
proach for unsupervised discovery of interpretable directions in
diffusion models,” in Proceedings of the IEEE/CVF Conference
on Computer Vision and Pattern Recognition, 2024, pp. 24 209–
24 218.

[100] R. He, Z. Xing, W. Tan, and B. Yan, “A generative frame-
work for self-supervised facial representation learning,” arXiv
preprint arXiv:2309.08273, 2024.

[101] T. Kouzelis, M. Plitsis, M. A. Nicolaou, and Y. Panagakis, “En-
abling local editing in diffusion models by joint and individual
component analysis,” BMVC2024, 2024.

[102] H. Li, C. Shen, P. Torr, V. Tresp, and J. Gu, “Self-discovering
interpretable diffusion latent directions for responsible text-to-
image generation,” in Proceedings of the IEEE/CVF Conference
on Computer Vision and Pattern Recognition, 2024, pp. 12 006–
12 016.

[103] M. Varshavsky-Hassid, R. Hirsch, R. Cohen, T. Golany,
D. Freedman, and E. Rivlin, “On the semantic latent space
of diffusion-based text-to-speech models,” in Proceedings of
the 62nd Annual Meeting of the Association for Computational
Linguistics (Volume 2: Short Papers), 2024, pp. 246–255.

[104] Z. Yang, H. Yu, B. Li, J. Zhang, J. Huang, and F. Zhao,
“Unleashing the potential of the semantic latent space in diffu-
sion models for image dehazing,” in European Conference on
Computer Vision. Springer, 2024, pp. 371–389.

[105] E. Z. Zeng, Y. Chen, and A. Wong, “Decoding diffusion: A
scalable framework for unsupervised analysis of latent space
biases and representations using natural language prompts,”
arXiv preprint arXiv:2410.21314, 2024.

[106] R. Gandikota, Z. Wu, R. Zhang, D. Bau, E. Shechtman, and
N. Kolkin, “SliderSpace: Decomposing the visual capabilities
of diffusion models,” arXiv preprint arXiv:2502.01639, 2025.

[107] Y. Shi, C. Li, Y. Wang, Y. Zhao, A. Pang, S. Yang, J. Yu,
and K. Ren, “Dissecting and mitigating diffusion bias via
mechanistic interpretability,” arXiv preprint arXiv:2503.20483,
2025.

[108] A. Dravid, Y. Gandelsman, K.-C. Wang, R. Abdal, G. Wetzstein,
A. Efros, and K. Aberman, “Interpreting the weight space of
customized diffusion models,” Advances in Neural Information
Processing Systems, vol. 37, pp. 137 334–137 371, 2024.

[109] R. Tang, L. Liu, A. Pandey, Z. Jiang, G. Yang, K. Kumar,
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Appendices & Supplementary Information

APPENDIX A
SYSTEMATIC REVIEW PROTOCOL

The systematic review protocol was created a priori to ensure a structured and systematic approach to information
gathering.
Protocol Title: Methodological Approaches for Diffusion Generative Model Interpretability: A Systematic Review
Protocol
Version: 3.0
Date Finalised: August 2025

This document is available via the gituhub link.

APPENDIX B
DATABASE SEARCH STRINGS

TABLE IX
SEARCH QUERIES USED IN DIFFERENT ACADEMIC DATABASES.

Database Date Searched Search Query
Elicit 25/03/2025 ”Papers relating to methods for interpreting diffusion models,

since 2020”.
IEEE Xplore 20/03/2025 diffusion OR ”score based” OR ”energy based” NEAR/3

model AND interpretab* OR explainab* OR semantic
NEAR/3 ”latent space” OR understand NEAR/3 ”latent
space” OR analy* NEAR/3 ”latent space”

Scopus 20/03/2025 (diffusion OR ”score based” OR ”energy based” W/3 model*)
AND (interpretab* OR explainab* OR (semantic W/3 ”latent
space” OR understand* W/3 ”latent space” OR analy* W/3
”latent space”)) in (Title, Abstract & Keywords).

ArXiv 28/03/2025 https://arxiv.org/search/advanced?advanced=
&terms-0-operator=AND&terms-0-term=diffusion+
OR+%22energy-based%22+OR+%22score-based%
22&terms-0-field=abstract&terms-1-operator=AND&
terms-1-term=interpretab*+OR+explainab*+OR+
%22semantic+latent%22&terms-1-field=abstract&
classification-physics archives=all&classification-include
cross list=include&date-year=&date-filter by=date range&
date-from date=2020-01-01&date-to date=2025-03-28&
date-date type=submitted date&abstracts=show&size=50&
order=-announced date first.

DBLP 28/03/2025 diffusion AND (interpretab* — explainab*).

APPENDIX C
EXCLUDED PAPERS FROM FULL TEXT SCREENING (UNREFERENCED)

TABLE X: Out of scope papers from second screening.

Title Authors Year Reason/Notes

A Geometric Perspective on Diffusion Models Defang Chen, Zhenyu Zhou,
Jianhan Mei, Chunhua Shen,
Chun Chen, C. Wang

2023 Theoretical/Conceptual - not on operational
diffusion models

A Hierarchical Diffusion-Convolutional Network with Node-wise
Localization for EEG-NIRS-based Brain-Computer Interface

W. Huang, X. Song, D. Kuang 2024 Not diffusion model specific

A latent diffusion approach to visual attribution in medical imaging Siddiqui A.A., Tirunagari S.,
Zia T., Windridge D.

2025 Not interpreting diffusion mechanisms

An analytic theory of creativity in convolutional diffusion models Mason Kamb, Surya Ganguli 2024 Theoretical/Conceptual - not on operational
diffusion models

An Interpretable Latent Denoising Diffusion Probabilistic Model
for Fault Diagnosis Under Limited Data

T. Zhang, J. Lin, J. Jiao, H.
Zhang, H. Li

2024 Edge case exclusion - more downstream
than interpretability

https://arxiv.org/search/advanced?advanced=&terms-0-operator=AND&terms-0-term=diffusion+OR+%22energy-based%22+OR+%22score-based%22&terms-0-field=abstract&terms-1-operator=AND&terms-1-term=interpretab*+OR+explainab*+OR+%22semantic+latent%22&terms-1-field=abstract&classification-physics_archives=all&classification-include_cross_list=include&date-year=&date-filter_by=date_range&date-from_date=2020-01-01&date-to_date=2025-03-28&date-date_type=submitted_date&abstracts=show&size=50&order=-announced_date_first
https://arxiv.org/search/advanced?advanced=&terms-0-operator=AND&terms-0-term=diffusion+OR+%22energy-based%22+OR+%22score-based%22&terms-0-field=abstract&terms-1-operator=AND&terms-1-term=interpretab*+OR+explainab*+OR+%22semantic+latent%22&terms-1-field=abstract&classification-physics_archives=all&classification-include_cross_list=include&date-year=&date-filter_by=date_range&date-from_date=2020-01-01&date-to_date=2025-03-28&date-date_type=submitted_date&abstracts=show&size=50&order=-announced_date_first
https://arxiv.org/search/advanced?advanced=&terms-0-operator=AND&terms-0-term=diffusion+OR+%22energy-based%22+OR+%22score-based%22&terms-0-field=abstract&terms-1-operator=AND&terms-1-term=interpretab*+OR+explainab*+OR+%22semantic+latent%22&terms-1-field=abstract&classification-physics_archives=all&classification-include_cross_list=include&date-year=&date-filter_by=date_range&date-from_date=2020-01-01&date-to_date=2025-03-28&date-date_type=submitted_date&abstracts=show&size=50&order=-announced_date_first
https://arxiv.org/search/advanced?advanced=&terms-0-operator=AND&terms-0-term=diffusion+OR+%22energy-based%22+OR+%22score-based%22&terms-0-field=abstract&terms-1-operator=AND&terms-1-term=interpretab*+OR+explainab*+OR+%22semantic+latent%22&terms-1-field=abstract&classification-physics_archives=all&classification-include_cross_list=include&date-year=&date-filter_by=date_range&date-from_date=2020-01-01&date-to_date=2025-03-28&date-date_type=submitted_date&abstracts=show&size=50&order=-announced_date_first
https://arxiv.org/search/advanced?advanced=&terms-0-operator=AND&terms-0-term=diffusion+OR+%22energy-based%22+OR+%22score-based%22&terms-0-field=abstract&terms-1-operator=AND&terms-1-term=interpretab*+OR+explainab*+OR+%22semantic+latent%22&terms-1-field=abstract&classification-physics_archives=all&classification-include_cross_list=include&date-year=&date-filter_by=date_range&date-from_date=2020-01-01&date-to_date=2025-03-28&date-date_type=submitted_date&abstracts=show&size=50&order=-announced_date_first
https://arxiv.org/search/advanced?advanced=&terms-0-operator=AND&terms-0-term=diffusion+OR+%22energy-based%22+OR+%22score-based%22&terms-0-field=abstract&terms-1-operator=AND&terms-1-term=interpretab*+OR+explainab*+OR+%22semantic+latent%22&terms-1-field=abstract&classification-physics_archives=all&classification-include_cross_list=include&date-year=&date-filter_by=date_range&date-from_date=2020-01-01&date-to_date=2025-03-28&date-date_type=submitted_date&abstracts=show&size=50&order=-announced_date_first
https://arxiv.org/search/advanced?advanced=&terms-0-operator=AND&terms-0-term=diffusion+OR+%22energy-based%22+OR+%22score-based%22&terms-0-field=abstract&terms-1-operator=AND&terms-1-term=interpretab*+OR+explainab*+OR+%22semantic+latent%22&terms-1-field=abstract&classification-physics_archives=all&classification-include_cross_list=include&date-year=&date-filter_by=date_range&date-from_date=2020-01-01&date-to_date=2025-03-28&date-date_type=submitted_date&abstracts=show&size=50&order=-announced_date_first
https://arxiv.org/search/advanced?advanced=&terms-0-operator=AND&terms-0-term=diffusion+OR+%22energy-based%22+OR+%22score-based%22&terms-0-field=abstract&terms-1-operator=AND&terms-1-term=interpretab*+OR+explainab*+OR+%22semantic+latent%22&terms-1-field=abstract&classification-physics_archives=all&classification-include_cross_list=include&date-year=&date-filter_by=date_range&date-from_date=2020-01-01&date-to_date=2025-03-28&date-date_type=submitted_date&abstracts=show&size=50&order=-announced_date_first
https://arxiv.org/search/advanced?advanced=&terms-0-operator=AND&terms-0-term=diffusion+OR+%22energy-based%22+OR+%22score-based%22&terms-0-field=abstract&terms-1-operator=AND&terms-1-term=interpretab*+OR+explainab*+OR+%22semantic+latent%22&terms-1-field=abstract&classification-physics_archives=all&classification-include_cross_list=include&date-year=&date-filter_by=date_range&date-from_date=2020-01-01&date-to_date=2025-03-28&date-date_type=submitted_date&abstracts=show&size=50&order=-announced_date_first
https://arxiv.org/search/advanced?advanced=&terms-0-operator=AND&terms-0-term=diffusion+OR+%22energy-based%22+OR+%22score-based%22&terms-0-field=abstract&terms-1-operator=AND&terms-1-term=interpretab*+OR+explainab*+OR+%22semantic+latent%22&terms-1-field=abstract&classification-physics_archives=all&classification-include_cross_list=include&date-year=&date-filter_by=date_range&date-from_date=2020-01-01&date-to_date=2025-03-28&date-date_type=submitted_date&abstracts=show&size=50&order=-announced_date_first
https://arxiv.org/search/advanced?advanced=&terms-0-operator=AND&terms-0-term=diffusion+OR+%22energy-based%22+OR+%22score-based%22&terms-0-field=abstract&terms-1-operator=AND&terms-1-term=interpretab*+OR+explainab*+OR+%22semantic+latent%22&terms-1-field=abstract&classification-physics_archives=all&classification-include_cross_list=include&date-year=&date-filter_by=date_range&date-from_date=2020-01-01&date-to_date=2025-03-28&date-date_type=submitted_date&abstracts=show&size=50&order=-announced_date_first
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Title Authors Year Reason/Notes

Analyzing Diffusion as Serial Reproduction Raja Marjieh, Ilia Sucholutsky,
Thomas A. Langlois, Nori Ja-
coby, T. Griffiths

2022 Theoretical/Conceptual - not on operational
diffusion models

Bayesian Dumbbell Diffusion Model for RGBT Object Tracking
With Enriched Priors

S. Fan, C. He, C. Wei, Y. Zheng,
X. Chen

2023 Not interpreting diffusion mechanisms

Bayesian MRI reconstruction with joint uncertainty estimation
using diffusion models

Guanxiong Luo, Moritz
Blumenthal, Martin Heide, M.
Uecker

2022 Edge case exclusion - more downstream
than diffusion interpretability

Characterizing the Features of Mitotic Figures Using a Conditional
Diffusion Probabilistic Model

Bahadir C.D., Liechty B., Pis-
apia D.J., Sabuncu M.R.

2024 Edge case exclusion - more downstream
than diffusion interpretability

Closed-Loop Unsupervised Representation Disentanglement with
VAE Distillation and Diffusion Probabilistic Feedback

Xin Jin, Bohan Li, BAAO Xie,
Wenyao Zhang, Jinming Liu,
Ziqiang Li, Tao Yang, Wenjun
Zeng

2024 UnCaptured dupe.

Closed-Loop Unsupervised Representation Disentanglement with
VAE Distillation and Diffusion Probabilistic Feedback

Jin X., Li B., Xie B., Zhang W.,
Liu J., Li Z., Yang T., Zeng W.

2025 No interpretability of diffusion process

Concept Steerers: Leveraging K-Sparse Autoencoders for Control-
lable Generations

Dahye Kim, Deepti Ghadiyaram 2025 More focus on control than interpretation

Deep generative priors for biomolecular 3D heterogeneous recon-
struction from cryo-EM projections

Shi B., Zhang K., Fleet D.J.,
McLeod R.A., Dwayne Miller
R.J., Howe J.Y.

2024 Not interpreting diffusion mechanisms

DEPICT: Diffusion-Enabled Permutation Importance for Image
Classification Tasks

Jabbour S., Kondas G., Kaze-
rooni E., Sjoding M., Fouhey
D., Wiens J.

2025 Edge case exclusion - more downstream
than diffusion interpretability

DifCluE: Generating Counterfactual Explanations with Diffusion
Autoencoders and modal clustering

Suparshva Jain, Amit Sangroya,
Lovekesh Vig

2025 Edge case exclusion - more downstream
than diffusion interpretability

Diff-Props: is Semantics Preserved within a Diffusion Model? Bonechi S., Andreini P., Corra-
dini B.T., Scarselli F.

2024 Edge case exclusion - more downstream
than diffusion interpretability

DiffDGSS: Generalizable Retinal Image Segmentation with Deter-
ministic Representation from Diffusion Models

Xie Y., Qu J., Xie H., Wang T.,
Lei B.

2024 Edge case exclusion - more downstream
than diffusion interpretability

Diffexplainer: Towards Cross-modal Global Explanations with Dif-
fusion Models

Matteo Pennisi, Giovanni Bel-
litto, Simone Palazzo, Mubarak
Shah, Concetto Spampinato

2024 Edge-case exclusion (uses LDM to explain
classifier)

Diffuse, Sample, Project: Plug-And-Play Controllable Graph Gen-
eration

Sharma K., Kumar S., Trivedi
R.S.

2024 Not interpreting diffusion mechanisms

DiffuseGAE: Controllable and High-fidelity Image Manipulation
from Disentangled Representation

Leng Y., Huang Q., Wang Z.,
Liu Y., Zhang H.

2023 Edge case exclusion - more downstream
than diffusion interpretability

DiffuseGAE: Controllable and High-fidelity Image Manipulation
from Disentangled Representation

Yipeng Leng, Qiangjuan Huang,
Zhiyuan Wang, Yangyang Liu,
Haoyu Zhang

2023 Edge case exclusion - more downstream
than diffusion interpretability

DiffuseReg: Denoising Diffusion Model for Obtaining Deformation
Fields in Unsupervised Deformable Image Registration

Zhuo Y., Shen Y. 2024 Optimisation rather than interpretability

DiffuseVAE: Efficient, Controllable and High-Fidelity Generation
from Low-Dimensional Latents

Kushagra Pandey, Avideep
Mukherjee, Piyush Rai,
Abhishek Kumar

2022 Not interpreting diffusion mechanisms

Diffusion Autoencoders for Few-shot Image Generation in Hyper-
bolic Space

Lingxiao Li, Kaixuan Fan, Bo-
qing Gong, Xiangyu Yue

2024 More focus on control than interpretation

Diffusion Explainer: Visual Explanation for Text-to-image Stable
Diffusion

Seongmin Lee, Benjamin
Hoover, Hendrik Strobelt, Zijie
J. Wang, Sheng-Hsuan Peng,
Austin P. Wright, Kevin Li,
Haekyu Park, Haoyang Yang,
Duen Horng Chau

2023 Not interpreting diffusion mechanisms

Diffusion Lens: Interpreting Text Encoders in Text-to-Image
Pipelines

Michael Toker, Hadas Orgad,
Mor Ventura, Dana Arad,
Yonatan Belinkov

2024 Edge case exclusion - more downstream
than diffusion interpretability

Diffusion Map Autoencoder Julio Candanedo 2025 Not interpreting diffusion mechanisms
Diffusion Models for Counterfactual Explanations Jeanneret G., Simon L., Jurie F. 2024 Edge case exclusion - more downstream

than diffusion interpretability
Diffusion Models for Counterfactual Generation and Anomaly
Detection in Brain Images

A. Fontanella, G. Mair, J. Ward-
law, E. Trucco, A. Storkey

2024 Edge case exclusion - more downstream
than diffusion interpretability

Diffusion Models for Counterfactual Explanations Jeanneret G., Simon L., Jurie F. 2023 UnCaptured dupe.
Diffusion Random Feature Model Esha Saha, Giang Tran 2023 Rejected by ICLR, not yet published

elsewhere
Diffusion-Based Visual Counterfactual Explanations - Towards Sys-
tematic Quantitative Evaluation

Váth P., M. Frühwald A.,
Paassen B., Gregorova M.

2025 Edge case exclusion - more downstream
than diffusion interpretability

DIFFUSION-TS: INTERPRETABLE DIFFUSION FOR GEN-
ERAL TIME SERIES GENERATION

Yuan X., Qiao Y. 2024 Not interpreting diffusion mechanisms

DMCVR: Morphology-Guided Diffusion Model for 3D Cardiac
Volume Reconstruction

He X., Tan C., Han L., Liu B.,
Axel L., Li K., Metaxas D.N.

2023 Not interpreting diffusion mechanisms

Encoding physics to learn reaction-diffusion processes Chengping Rao, Pu Ren, Qi
Wang, Oral Buyukozturk, Hao
Sun, Yang Liu

2023 Not diffusion model specific

Energy-Based Model for Accurate Estimation of Shapley Values in
Feature Attribution

Cheng Lu, Jiusun Zeng, Yu Xia,
Jinhui Cai, Shihua Luo

2025 Not diffusion model specific

Enhancing Conditional Image Generation with Explainable Latent
Space Manipulation

Kshitij Pathania 2024 Masters dissertation (unpublished at time
of writing)
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Title Authors Year Reason/Notes

Enhancing high-resolution reconstruction of flow fields using
physics-informed diffusion model with probability flow sampling

Guo Y.; Cao X.; Zhou M.; Leng
H.; Song J.

2024 Not interpreting diffusion mechanisms.

Evaluating Diffusion Models for the Automation of Ultrasonic
Nondestructive Evaluation Data Analysis

Torenvliet N.; Zelek J. 2024 Not interpreting diffusion mechanisms.

Explainable, Multi-modal Wound Infection Classification from Im-
ages Augmented with Generated Captions

Palawat Busaranuvong,
Emmanuel Agu, Reza Saadati
Fard, Deepak Kumar, Shefalika
Gautam, Bengisu Tulu, Diane
Strong

2025 Not interpreting diffusion mechanisms

Exploiting Interpretable Capabilities with Concept-Enhanced Dif-
fusion and Prototype Networks

Alba Carballo-Castro, Sonia La-
guna, Moritz Vandenhirtz, Julia
E. Vogt

2024 Not interpreting diffusion mechanisms

Exploring Behavior-Relevant and Disentangled Neural Dynamics
with Generative Diffusion Models

Yule Wang, Chengrui Li, Wei-
han Li, Anqi Wu

2024 Not interpreting diffusion mechanisms

Exploring how deep learning decodes anomalous diffusion via
Grad-CAM

Jaeyong Bae, Yongjoo Baek,
Hawoong Jeong

2024 Not diffusion model specific

Factorized Diffusion Autoencoder for Unsupervised Disentangled
Representation Learning

Wu A.; Zheng W.-S. 2024 Not interpreting diffusion mechanisms

From Points to Functions: Infinite-dimensional Representations in
Diffusion Models

Sarthak Mittal, Guillaume La-
joie, S. Bauer, Arash Mehrjou

2022 Edge case exclusion - more downstream
than diffusion interpretability

Fuzzy-Conditioned Diffusion and Diffusion Projection Attention
Applied to Facial Image Correction

M. E. Helou 2023 Not interpreting, improving performance
only

Generating and evaluating synthetic data in digital pathology
through diffusion models

Pozzi M.; Noei S.; Robbi E.;
Cima L.; Moroni M.; Munari E.;
Torresani E.; Jurman G.

2024 Not interpreting diffusion mechanisms

Generating Counterfactual Trajectories with Latent Diffusion Mod-
els for Concept Discovery

Varshney P.; Lucieri A.; Balada
C.; Dengel A.; Ahmed S.

2025 Edge case exclusion - more downstream
than diffusion interpretability

Generative Modelling With Inverse Heat Dissipation Severi Rissanen, Markus
Heinonen, A. Solin

2022 Not interpreting diffusion mechanisms

Generative Time Series Forecasting with Diffusion, Denoise, and
Disentanglement

Li Y.; Lu X.; Wang Y.; Dou D. 2022 Not interpreting diffusion mechanisms

Good Seed Makes a Good Crop: Discovering Secret Seeds in Text-
to-Image Diffusion Models

Katherine Xu, Lingzhi Zhang,
Jianbo Shi

2024 Not interpreting diffusion mechanisms

Hierarchical Diffusion Autoencoders and Disentangled Image Ma-
nipulation

Lu Z.; Wu C.; Chen X.; Wang
Y.; Bai L.; Qiao Y.; Liu X.

2024 Not interpreting diffusion mechanisms

Hierarchically branched diffusion models leverage dataset structure
for class-conditional generation

Tseng A.M.; Shen M.; Bian-
calani T.; Scalia G.

2024 Not interpreting diffusion mechanisms

High-Precision Face Generation and Manipulation Guided by Text,
Sketch, and Mask

Q. Guo; X. Gu 2025 Not interpreting diffusion mechanisms

How Much Is Enough? A Study on Diffusion Times in Score-Based
Generative Models

Giulio Franzese, Simone Rossi,
Lixuan Yang, A. Finamore,
Dario Rossi, M. Filippone,
Pietro Michiardi

2022 Not interpreting diffusion mechanisms

Hyperbolic Geometric Latent Diffusion Model for Graph Genera-
tion

Fu X.; Gao Y.; Wei Y.; Sun Q.;
Peng H.; Li J.; Li X.

2024 Not interpreting diffusion mechanisms

ICE: Intrinsic Concept Extraction from a Single Image via Diffu-
sion Models

Fernando Julio Cendra, Kai Han 2025 Edge case exclusion - more downstream
than diffusion interpretability

Illumination and Shadows in Head Rotation: Experiments with
Denoising Diffusion Models

Asperti A.; Colasuonno G.;
Guerra A.

2024 Not interpreting diffusion mechanisms

IMAGE TRANSLATION AS DIFFUSION VISUAL PROGRAM-
MERS

Han C.; Liang J.C.; Wang Q.;
Rabbani M.; Dianat S.; Rao R.;
Wu Y.N.; Liu D.

2024 Edge case exclusion - more downstream
than diffusion interpretability

Improving Fairness using Vision-Language Driven Image Augmen-
tation

M. D’Incà; C. Tzelepis; I. Pa-
tras; N. Sebe

2024 Not interpreting diffusion mechanisms

Interpretable Alzheimer’s Disease Classification Via a Contrastive
Diffusion Autoencoder

Ayodeji Ijishakin, Ahmed Ab-
dulaal, Adamos Hadjivasiliou,
Sophie Martin, James Cole

2023 Edge case exclusion - more downstream
than diffusion interpretability

Interpretable Matching of Optical-SAR Image via Dynamically
Conditioned Diffusion Models

Gou S.; Wang X.; Wang X.;
Chen Y.

2024 Edge case exclusion - more downstream
than diffusion interpretability

Interpretable Measures of Conceptual Similarity by Complexity-
Constrained Descriptive Auto-Encoding

A. Achille; G. V. Steeg; T. Y.
Liu; M. Trager; C. Klingenberg;
S. Soatto

2024 Not interpreting diffusion mechanisms

Interpretable-through-prototypes deepfake detection for diffusion
models

A. Aghasanli; D. Kangin; P. An-
gelov

2023 Edge case exclusion - more downstream
than diffusion interpretability

Interpreting Deep Neural Networks through Prototype Factorization Subhajit Das, Panpan Xu, Zeng
Dai, A. Endert, Liu Ren

2020 Not diffusion model specific

Interventional and Counterfactual Inference with Diffusion Models Patrick Chao, Patrick Blöbaum,
S. Kasiviswanathan

2023 Not interpreting diffusion mechanisms

ISPDiff: Interpretable Scale-Propelled Diffusion Model for Hyper-
spectral Image Super-Resolution

W. Dong; S. Liu; S. Xiao; J. Qu;
Y. Li

2024 Not interpreting diffusion mechanisms

Iterative Search Attribution for Deep Neural Networks Zhu Z.; Chen H.; Wang X.;
Zhang J.; Jin Z.; Xue J.; Shen
J.

2024 Not diffusion model specific

JADE: Joint-aware Latent Diffusion for 3D Human Generative
Modeling

Haorui Ji, Rong Wang, Taojun
Lin, Hongdong Li

2024 Edge case exclusion - more downstream
than diffusion interpretability

KGDiff: towards explainable target-aware molecule generation with
knowledge guidance

Qian H.; Huang W.; Tu S.; Xu
L.

2024 Edge case exclusion - more downstream
than diffusion interpretability



FIRST A. AUTHOR et al.: BARE DEMO OF IEEETAI.CLS FOR IEEE JOURNALS OF IEEE TRANSACTIONS ON ARTIFICIAL INTELLIGENCE 25

Title Authors Year Reason/Notes

Knowledge tracing via multiple-state diffusion representation Zhang K.; Ji T.; Zhang H. 2024 Not interpreting diffusion mechanisms
Label-free and interpretable hyperspectral imaging for intraopera-
tive clinical applications

Zhang Y.; Yu S.; Wang C.; Zhu
X.; Zheng Y.; Bao J.

2021 Not interpreting diffusion mechanisms

Language-Oriented Semantic Latent Representation for Image
Transmission

Giordano Cicchetti, Eleonora
Grassucci, Jihong Park, Jinho
Choi, Sergio Barbarossa, Danilo
Comminiello

2024 Not interpreting diffusion mechanisms

Latent Diffusion Energy-Based Model for Interpretable Text Mod-
eling

Yu P.; Xie S.; Ma X.; Jia B.;
Pang B.; Gao R.; Zhu Y.; Zhu
S.-C.; Wu Y.N.

2022 Not interpreting diffusion mechanisms

Let us Build Bridges: Understanding and Extending Diffusion
Generative Models

Xingchao Liu, Lemeng Wu,
Mao Ye, Qiang Liu

2022 Edge case exclusion - more downstream
than diffusion interpretability

Linear Spaces of Meanings: Compositional Structures in Vision-
Language Models

M. Trager; P. Perera; L. Zan-
cato; A. Achille; P. Bhatia; S.
Soatto

2023 Not interpreting diffusion mechanisms

Localizing Object-level Shape Variations with Text-to-Image Dif-
fusion Models

O. Patashnik; D. Garibi; I.
Azuri; H. Averbuch-Elor; D.
Cohen-Or

2023 Not interpreting diffusion mechanisms

Mapping the Mind of an Instruction-based Image Editing using
SMILE

Zeinab Dehghani, Koorosh
Aslansefat, Adil Khan, Adı́n
Ramı́rez Rivera, Franky George,
Muhammad Khalid

2024 Edge case exclusion - more downstream
than diffusion interpretability

Masked Completion via Structured Diffusion with White-Box
Transformers

Druv Pai, Ziyang Wu, Sam
Buchanan, Yaodong Yu, Yi Ma

2024 Not interpreting diffusion mechanisms

MedDiffusion: Boosting Health Risk Prediction via Diffusion-based
Data Augmentation

Zhong Y.; Cui S.; Wang J.;
Wang X.; Yin Z.; Wang Y.; Xiao
H.; Huai M.; Wang T.; Ma F.

2024 Edge case exclusion - more downstream
than diffusion interpretability

MIDGArD: Modular interpretable diffusion over graphs for articu-
lated designs

Leboutet, Quentin; Wiedemann,
Nina; Cai, Zhipeng; Paulitsch,
Michael; Yuan, Kai

2024 Edge case exclusion - more downstream
than diffusion interpretability

Modeling Causal Mechanisms with Diffusion Models for Interven-
tional and Counterfactual Queries

Patrick Chao, Patrick Blobaum,
Sapan Patel, S. Kasiviswanathan

2023 Uncaptured dupe

Neural Message Passing Induced by Energy-Constrained Diffusion Qitian Wu, David Wipf, Junchi
Yan

2024 Not interpreting diffusion mechanisms

Noise Crystallization and Liquid Noise: Zero-shot Video Genera-
tion using Image Diffusion Models

Muhammad Haaris Khan,
Hadrien Reynaud, Bernhard
Kainz

2024 Not interpreting diffusion mechanisms

On the notion of Hallucinations from the lens of Bias and Validity
in Synthetic CXR Images

Gauri Bhardwaj, Yuvaraj
Govindarajulu, Sundaraparipur-
nan Narayanan, Pavan Kulkarni,
Manojkumar Parmar

2023 Not interpreting diffusion mechanisms

Plug-and-Play Interpretable Responsible Text-to-Image Generation
via Dual-Space Multi-facet Concept Control

Basim Azam, Naveed Akhtar 2025 Not interpreting diffusion mechanisms

Probabilistic and semantic descriptions of image manifolds and
their applications

Tu P.; Yang Z.; Hartley R.; Xu
Z.; Zhang J.; Fu Y.; Campbell
D.; Singh J.; Wang T.

2023 Edge case exclusion - more downstream
than diffusion interpretability

Product of Gaussian Mixture Diffusion Model for non-linear MRI
Inversion

Laurenz Nagler, Martin Zach,
Thomas Pock

2025 Not interpreting diffusion mechanisms

Quantifiable Quantization Sensitivity of Diffusion Models Keith G. Mills, Mohammad
Salameh, Ruichen Chen, Negar
Hassanpour, Wei Lu, Di Niu

2024 Edge case exclusion - more downstream
than diffusion interpretability

Reconstruction of patient-specific confounders in AI-based radio-
logic image interpretation using generative pretraining

Han T.; Ōigutyte L.; Huck L.;
Huppertz M.S.; Siepmann R.;
Gandelsman Y.; Blüthgen C.;
Khader F.; Kuhl C.; Nebelung
S.; Kather J.N.; Truhn D.

2024 Edge case exclusion - more downstream
than diffusion interpretability

Residual Denoising Diffusion Models J. Liu; Q. Wang; H. Fan; Y.
Wang; Y. Tang; L. Qu

2024 Not interpreting diffusion mechanisms

RightSizing: Disentangling Generative Models of Human Body
Shapes with Metric Constraints

Wu Y.; Shu C.; Pai D.K. 2024 Not interpreting diffusion mechanisms

SAeUron: Interpretable Concept Unlearning in Diffusion Models
with Sparse Autoencoders

Bartosz Cywiński, Kamil Deja 2025 Edge case exclusion - more downstream
than diffusion interpretability

Sequential Data Generation with Groupwise Diffusion Process Sangyun Lee, Gayoung Lee,
Hyunsu Kim, Junho Kim,
Youngjung Uh

2023 Rejected by ICLR, not yet published
elsewhere

SkillDiffuser: Interpretable Hierarchical Planning via Skill Abstrac-
tions in Diffusion-Based Task Execution

Z. Liang; Y. Mu; H. Ma; M.
Tomizuka; M. Ding; P. Luo

2024 Not interpreting diffusion mechanisms

StyleDiffusion: Controllable Disentangled Style Transfer via Dif-
fusion Models

Z. Wang; L. Zhao; W. Xing 2023 Not interpreting diffusion mechanisms

SymmCD: Symmetry-Preserving Crystal Generation with Diffusion
Models

Daniel Levy, Siba Smarak
Panigrahi, Sékou-Oumar Kaba,
Qiang Zhu, Kin Long Kelvin
Lee, Mikhail Galkin, Santiago
Miret, Siamak Ravanbakhsh

2025 Not interpreting diffusion mechanisms

Temporal Knowledge Graph Reasoning Based on Diffusion Prob-
ability Distribution

Zhou G.-Y.; Li P.-F.; Xie P.-H.;
Luo C.-Y.

2024 Could not access full text version in
English
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Title Authors Year Reason/Notes

TIDE: Training Locally Interpretable Domain Generalization Mod-
els Enables Test-time Correction

Aishwarya Agarwal, Srikrishna
Karanam, Vineet Gandhi

2024 Not interpreting diffusion mechanisms

TrackDiffuser: Nearly Model-Free Bayesian Filtering with Diffu-
sion Model

Yangguang He, Wenhao Li,
Minzhe Li, Juan Zhang, Xi-
angfeng Wang, Bo Jin

2025 Not interpreting diffusion mechanisms

Trade-Offs in Fine-Tuned Diffusion Models between Accuracy and
Interpretability

Dombrowski M.; Reynaud H.;
Müller J.P.; Baugh M.; Kainz B.

2024 Not interpreting diffusion mechanisms

Transient Stability Assessment Based on Imbalanced Sample En-
hancement of Denoising Diffusion Probabilistic Model

Li Y.; Liu J.; Liu J.; Wang G.;
Mo T.; Lin K.

2024 Could not access full text version in
English

Unpacking SDXL Turbo: Interpreting Text-to-Image Models with
Sparse Autoencoders

Viacheslav Surkov, Chris
Wendler, Mikhail Terekhov,
Justin Deschenaux, Robert
West, Caglar Gulcehre

2024 Rejected and withdrawn post peer-review

Unveiling Concept Attribution in Diffusion Models Quang H. Nguyen, Hoang Phan,
Khoa D. Doan

2025 Rejected and withdrawn post peer-review

Unveiling Deepfakes with Latent Diffusion Counterfactual Expla-
nations

C. Yang; B. Peng; J. Dong; X.
Zhang

2025 Edge case exclusion - more downstream
than diffusion interpretability

Variational Diffusion Method for Remote Sensing Image Fusion C. Zhang; J. Han; J. Zhu; Z.
Wang

2024 Not interpreting diffusion mechanisms

Wasserstein proximal operators describe score-based generative
models and resolve memorization

Benjamin J. Zhang, Siting Liu,
Wuchen Li, Markos A. Kat-
soulakis, Stanley J. Osher

2024 Theoretical insight, but not primarily aimed
at interpretability

X-IQE: eXplainable Image Quality Evaluation for Text-to-Image
Generation with Visual Large Language Models

Yixiong Chen, Li Liu, Chris
Ding

2023 Not interpreting diffusion mechanisms

XMOL: Explainable Multi-property Optimization of Molecules Aye Phyu Phyu Aung, Jay
Chaudhary, Ji Wei Yoon,
Senthilnath Jayavelu

2024 Not interpreting diffusion mechanisms

APPENDIX D
CITATION CHAINED PAPERS

TABLE XI
PAPERS INCLUDED FROM CITATION CHAINING OR FREE SEARCHES.

Included paper and ref. Source
Baranchuk et al., 2021 [93] Citation chained from Burgess et al., 2024 [91]
Choi et al., 2022 [53] Google Scholar search result
Deja et al., 2022 [66] Google Scholar search result
Basu et al., 2023 [112] Citation chained from Helbling et al., 2025 [115]
Brack et al., 2023 [86] Citation chained from Kim et al., 2024 [70]
Kadkhodaie et al., 2023 [62] Citation chained from Helbling et al., 2025 [115]
Park et al., 2023 [81] Google Scholar search result
Prasad et al., 2023 [61] Citation chained from Prasad et al., 2024 [59]
Raya & Ambrogioni, 2023 [64] Citation chained from Li & Chen, 2024 [69]
Tumanyan et al., 2023 [83] Citation chained from Kim et al., 2024 [70]
Voynov et al., 2023 [111] Citation chained from Burgess et al., 2024 [91]
Wang et al., 2023 [89] Citation chained from Zeng et al., 2024 [105]
Wu et al., 2023 [90] Google Scholar search result
Xu et al., 2023 [73] Google Scholar search result
Zhu et al., 2023 [84] Citation chained from Park et al., 2025 [17]
Basu et al., 2024 [113] Google Scholar search result
Sclocchi et al., 2024 [71] Citation chained from Li & Chen, 2024 [69]
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