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Abstract. Deep generative models, while revolutionizing image gener-
ation, largely operate as opaque “black boxes”, hindering human un-
derstanding, control, and alignment. While methods like sparse autoen-
coders (SAEs) show remarkable empirical success, they often lack theo-
retical guarantees, risking subjective insights. Our primary objective is to
establish a principled foundation for interpretable generative models. We
demonstrate that the principle of causal minimality — favoring the sim-
plest causal explanation — can endow the latent representations of gener-
ative models with clear causal interpretation and robust, component-wise
identifiable control. We introduce a novel theoretical framework for hi-
erarchical selection models, where higher-level concepts emerge from the
constrained composition of lower-level variables, better capturing the
complex dependencies in data generation. Under theoretically derived
minimality conditions that manifest as sparsity constraints, we show that
learned representations can be equivalent to the true latent variables of
the data-generating process. Empirically, applying these constraints to
text-to-image diffusion models allows us to extract their innate hierarchi-
cal concept graphs, offering fresh insights into their internal knowledge
organization. Furthermore, these causally grounded concepts serve as
levers for fine-grained model steering, paving the way for transparent,
reliable systems.

1 Introduction

Deep generative models have transformed visual generation, with text-to-image
diffusion models [11}(23,52}|61}/68,/69] offering a prominent example. However,
their escalating complexity and scale frequently cast them as opaque “black
boxes” [53,|67]. This opacity presents a formidable barrier to genuine human
understanding, severely curtails our ability to exert precise control over their
behavior [19}29,65/78], and complicates the crucial alignment with human val-
ues and intentions.

Although recent empirical tools, such as sparse autoencoders (SAEs) for
diffusion models [10}[25][34} 35, /73], offer avenues for probing these models, a



2 L. Kong et al.

fundamental gap persists. Without rigorous theoretical underpinnings, inter-
pretations derived from these methods risk being subjective or susceptible to
human biases, rendering them potentially untrustworthy for risk-sensitive appli-
cations [31,/50,63]. In this work, we directly tackle this critical challenge, seeking
to establish a principled foundation for interpretable and controllable generative
models.

Our investigation centers on two questions: Under what theoretical condi-
tions can we reliably identify meaningful, interpretable latent concepts within
the intricate architectures of modern generative models? And, crucially, what
actionable, theoretically-grounded insights can empower us to advance both the
interpretability and the controllability of these powerful systems?

Towards these goals, we identify the causal minimality [2257)/71] principle as
the formal underpinning that connects widespread practices, such as enforcing
sparsity, to the recovery of meaningful, interpretable concepts. This principle,
advocating for the simplest causal model consistent with observations, allows
for the identification of latent hierarchical concept structures. In our context,
minimality translates to sparsity in the visual concept graphs of text-to-image
(T2I) diffusion models [58,59,|61]. Our findings indicate that imposing sparsity
constraints on internal representations is instrumental for identifying intrinsic
visual concepts. A cornerstone of our contribution is establishing the first iden-
tifiability results for selection-based |41[6[91/14}21]/72,/84} 88| hierarchical models.
In such models, higher-level variables emerge as effects of compositions of lower-
level variables, where higher-level variables control and select the configuration of
lower-level ones. This fundamentally diverges from traditional hierarchical causal
models [8}56},85], in which causal influence typically propagates from higher to
lower levels. The selection model structure is particularly adept at capturing the
intricate conditional dependencies among low-level features for forming coher-
ent high-level concepts — it explains how specific arrangements of wheels, doors,
and a roof constitute a recognizable “car”, rather than a disjointed collection of
parts. Traditional hierarchical models often neglect such intra-level dependen-
cies by assuming no within-layer causal edges, as explicitly modeling them would
yield overly dense graphs. The selection mechanism, in contrast, offers a simpler
approach to this essential coordination. Its adherence to the minimality principle
strongly favors it as a more accurate representation of the true model.

Despite the appeal, their identifiability has been underexplored. Prior re-
search has largely centered on traditional hierarchical structures. Moreover, their
techniques often rest on simplifying assumptions (e.g., linearity [1},/12}24L|79]
or achieve only subspace-level identifiability [37]). Such methods are gener-
ally inapplicable to the hierarchical selection models. Our framework estab-
lishes component-wise identifiability for continuous hierarchical selection models.
Specifically, we demonstrate that under well-defined visual minimality conditions
(Condition , the learned representations are equivalent to the true latent
variables of the underlying hierarchical process. This disentanglement of individ-
ual, atomic concepts is what affords significantly more nuanced interpretability
and precise control in the resulting generative models.
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Fig. 1: Our causal minimality principle links sparsity in text-to-image models to iden-
tifiable hierarchical concept graphs, enabling interpretable generation and downstream
control.

By applying the derived sparsity constraints to state-of-the-art text-to-image
diffusion models, we successfully extract their innate hierarchical concept graphs
(Figure . This not only illuminates their internal knowledge organization but
also shows that causally-grounded concepts serve as highly effective levers for
model steering. Our experiments illustrate key implications of our theorems and
show how a principled, causal understanding can guide the application of estab-
lished interpretation techniques.

2 Related Work

Hierarchical models. Complex real-world data distributions frequently ex-
hibit inherent hierarchical structures among their underlying latent variables,
a characteristic that has motivated extensive research. Initial explorations pri-
marily focus on continuous latent variables with linear interactions .
Other lines of work have centered on discrete latent variables; however, these ap-
proaches are often constrained in their applicability to continuous data modali-
ties like images . Furthermore, prevalent latent tree models, which
connect variables via a single undirected path , risk oversimplifying the
multifaceted relationships present in complex systems. Kong et al. tackle
nonlinear, continuous latent hierarchical models, but their framework, operating
under rather opaque functional conditions, falls short of component-wise identi-
fiability, thereby leaving room for concept entanglement. Our work distinctively
investigates selection hierarchical models, contending that their structural prop-
erties yield a more faithful representation of latent concepts in natural data
distributions. In these models, latent variables function as colliders, a significant
departure from their role as confounders in the aforementioned prior art. This
critical distinction renders existing identification techniques largely inapplicable.
We provide component-wise identifiability for continuous hierarchical selection
models.
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Interpretability for generative models. Despite the remarkable advance-
ments of generative models, their internal mechanisms often remain opaque.
This presents a significant challenge to understanding and control. Consider-
able research has focused on obtaining interpretable features to enable more
controllable generation. Early efforts center on analyzing the latent space of
generative adversarial networks, e.g., |19[66L[77]. Recently, sparse autoencoders
(SAEs) have gained prominence for interpreting hidden representations in dif-
fusion models. Surkov et al. 73] reveal interpretable features and specialization
across diffusion model blocks. Other work trains SAEs with lightweight classi-
fiers on diffusion model features 35| or steers generation away from undesirable
visual attributes |25]. Our hierarchical approach is related to recent findings on
the evolution of semantics during the diffusion process. It has been observed
that high-level concepts, such as object shape and structure, tend to emerge in
earlier, high-noise timesteps, while fine-grained, low-level details are synthesized
in later, low-noise stages [491/54,/74]. While these works provide valuable empiri-
cal validation of this phenomenon, our work offers a new perspective by framing
these observations within a formal hierarchical, causal structure. We provide a
theoretical foundation, rooted in causal minimality and selection models, to ex-
plain how these concepts compose and, crucially, under what conditions they
can be provably identified. Our approach also relates to generative concept bot-
tleneck models, which achieve interpretability by forcing predictions through a
bottleneck layer of concepts |28]/40]. While these methods provide powerful in-
tervention capabilities by design, our work differs by focusing on the discovery of
the innate hierarchical and causal concept structure in the data. We provide the
theoretical conditions for identifying these concepts component-wise, allowing
us to then use this discovered graph for fine-grained multi-level interventions.
Decomposition-based interpretability. Our work is fundamentally distinct
from post-hoc, decomposition-based interpretability methods, such as the proto-
type-matching approach [5]. This line of research, while pioneering, has known
limitations (often stemming from its prototype-based implementation): its re-
liance on class-label supervision can lead to non-compositional, class-locked con-
cepts [62], and its use of rigid patch-matching struggles with context and de-
formation [13}81]. In contrast, our approach is class/object agnostic (similar
to SAEs) and context-sensitive, learning from the raw generative data without
class labels. Our approach learns compositional, shared concepts (e.g., a single
“furry texture” from “cats” and “pandas”) rather than rigid, class-specific proto-
types. This enables the causal, interventional control (e.g., downstream tasks in
Section that prototype-matching cannot guarantee. Please find additional
related work in Appendix A.

3 Deep Generative Models as Hierarchical Concept
Models

Notations. We denote random variables with upper-case characters (e.g., X)
and values with lower-case characters (e.g., x). We distinguish multidimensional
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objects with bold fonts (e.g., X) and refer to their dimensionality as n(-). We view
multidimensional variables as sets when appropriate (e.g., X as {X;}icin(x)))-
Parents Pa(-) and children Ch(-) relations are defined based on the selection
graph (Figure . If X has only one child Y, we refer to X as a pure parent of
Y, ie., X € PPa(Y); if X has other children than Y, we refer to X as a hybrid
parent of Y, i.e., X € HPa(Y"). We denote the set of natural numbers {1,..., M}
as [M]. More background information is in Appendix C.

We denote the image as the continuous variable X € R**) and text as the
discrete variable D € N™P). Visual concepts are Z := [Z,---,Zz,], where
Ly is the number of visual hierarchical levels and Z; € R™Zt) are concepts at
level I (Figure . The variables D encode the text prompt or other observed
conditioning information. In contrast, the visual concepts (Z) are continuous to
represent rich visual details. D acts as a selection variable that governs the joint
configuration of the continuous Z variables. For instance, the prompt concept
“bicycle” selects for a coherent arrangement of continuous visual features rep-
resenting wheels, a frame, and handlebars, rather than a random collection of
those continuous parts.

Hierarchical processes and selection
mechanisms. Our framework concep-

tualizes high-level concepts as emerging Text D; D5
from or being effects of lower-level con- T / T
cepts. This is captured by a selection VAR 719
mechanism |4./6,9,14L21}/72]/84,/88|, where AN R
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stituent, more detailed components V; f y / ‘ V\K Y

: g 9 : : ZH Z:{.z Z::_:; Z I Z:;..”) Z:;_r;
(i.e., its “parents”). The selection function

gv, maps these lower-level constituents to

the higher-level concept: Image X
Fig. 2: A visual concept graph. We
Vi :=gv,(Vit1). (1) denote text conditioning as D, visual

concepts as Z, and the image as X.

In other words, V; is a selection variable High-level concepts function as selec-
over Vi, 1. In many natural data distribu- tion variables for low-level variables.
tions of interest, we can only observe the
data points for which the selection criterion is met, i.e., V; only takes on a
strict subset of its range (2. Therefore, the distribution of V;y; is always the
conditional distribution P (V;41|V;). This conditioning on V; can induce de-
pendencies among components in V;i;. For instance, if Vi11; = V| < V415,
conditioning on V; makes V;;1,; and Vi1 ; dependent.

Under this formulation, one can leverage the inverse process of to sample
observable data (images, text), proceeding from higher-level abstract concepts
to lower-level concrete details:

Zo~P(Zo), Zi~P(Zi|Zy—1), le{l,...,Lv+1}, (2)
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where we denote Zg := D and Zr,, 4+ := X. While defines the generative
pathway, the underlying structure is shaped by the selection principle of : the
conditional distributions in are implicitly learned if one has learned selection
mechanisms in and vice versa.

Why is this “selection” formulation? The “selection” perspective is critical
for modeling how abstract concepts enforce coherence among their more concrete
constituents. Consider generating an image of a “bicycle” (a high-level concept
Z;). Its components — wheels, frame, handlebars (lower-level concepts Z;;1) —
must not only be present but also be arranged in a specific, structurally sound
configuration. Traditional hierarchical models [8,55,85] assume independent low-
level concepts Z; 1 ; given high-level concepts Z; and stochastically sample these
components, which could lead to unrealistic arrangements (e.g., wheels detached
from the frame if the learned conditional is not perfect). Therefore, these mod-
els must additionally incorporate causal edges within each hierarchical level to
capture this conditional dependency, resulting in highly dense causal graphs. In
contrast, the selection model, by positing that Z; is an effect of a specific con-
figuration of Z; 1, emphasizes that the “bicycle” concept arises from a coherent
selection and composition of its parts. This structured dependency, induced by
the selection mechanism, yields a much simpler graphical model to describe the
natural data distribution, thus preferred by the minimality principle.

Connections to text-to-image diffusion models. The iterative denoising
process in diffusion aligns with our hierarchical data construction. These mod-
els involve a sequence of transformations {f;}7_,, parameterized by timestep ¢,
that progressively restore a less noisy image X; from a more corrupted version
Xit1. As interpreted by Kong et al. [36], each f;11 can be viewed as an au-
toencoder: it extracts a representation Zg41) (S(t 4 1) indexes U-Net features
associated with timestep ¢ + 1) from the noisy input X;,1, and uses this repre-
sentation to produce the less noisy X;. In this view, representations Zg ;1) from
higher noise levels (larger ¢, where X, is closer to pure noise) correspond to
higher-level, more abstract concepts in our hierarchy (e.g., Z; with smaller 1), as
fine-grained details are obscured by noise. Conversely, representations from lower
noise levels (smaller ¢) capture more concrete details (e.g., Z; with larger [). The
diffusion model’s step-wise refinement thus mirrors our hierarchical generation
P (Z;+1|Z;), with the initial text prompt D typically guiding the most abstract
visual concepts (e.g., Z1 ~ P (Z,|D), Figure . In our empirical analysis (Sec-
tion, we explicitly map distinct diffusion timesteps to these hierarchical levels:
high noise levels (e.g., ¢ = 899) correspond to abstract concepts, while low noise
levels (e.g., t = 100) correspond to fine-grained details.

Identifiability and interpretability. In light of the connection, a crucial ques-
tion remains: are the internal representations learned by these models (e.g., U-
Net or DiT features) truly reflective of the ground-truth concepts of the data,
or are they merely effective for the generation task without being inherently
interpretable and controllable? This motivates the need for identifiability guar-
antees that affirm the equivalence between the two worlds, which we present in
Section 4
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4 Identifiable Representations under Causal Minimality

We first formally define our core theoretical principle, causal minimality |22
57,[71]: Among all causal models that can explain the observed data, the true
model is the simplest one. This principle is the key to our goal of identifiability
(Definition . For visual concepts, causal minimality manifests as sparse con-
nectivity in the causal graph (our minimality condition, . Enforcing this
sparsity is thus the practical mechanism that provides theoretical guarantees for
identifiability.

For visual concepts, minimality manifests as a preference for sparse graphical
dependencies within the latent hierarchy. This implies that concepts are formed
through a limited set of direct causal influences, making the underlying structure
easier to discern.

A key challenge we address is the identifiability of hierarchical selection
models. In these models, higher-level concepts are effects of lower-level con-
cepts. This contrasts with traditional hierarchical models where causality of-
ten flows from abstract to concrete, and where latent variables typically act as
confounders [1}/8}12,(18}241|36}/37./55,|79,/85]. In our selection framework, latent
variables act as colliders, rendering many existing identifiability results inappli-
cable. This distinction necessitates the novel theoretical development presented
herein. Our goal is to achieve component-wise identifiability:

Definition 1 (Component-wise Identifiability). Let Z and Z be variables
under two model specifications. We say that Z and 7 are identified component-
wise if there exists a permutation 7 such that for each i € [n(Z)], Zi = hi(Z i)
where h; is an invertible function.

This strong form of identifiability ensures that each learned latent component
Z; corresponds to a single true latent component Z ;). This is vital for unam-
biguous interpretation and targeted control. We assume the standard faithfulness
condition [70|, meaning the graphical model accurately reflects all conditional
independence relations in the data.

In the following, we consider the identification of continuous latent visual
concepts Z.

Condition 1 (Visual Concept Identification Conditions).
i Informativeness: There exists a diffeomorphism g; : (Z;,€) — X for
1 € [0, L], where € denotes independent exogenous variables.
it Smooth Density: The probability density function p(z;11|z;) is smooth for
any l € [Ly].
iii Sufficient Variability: For each Z and its parents Z := Pa(Z), at any
value z of Z, there exist n(Z)—H distinct values of Z, denoted as {z(”)}z(:zo),
such that the vectors w(z, 2(™) — w(z, 20 are linearly independent where

_ . (Ologp(z|z) 0logp (z|z)
w(z,z)—( 2, T o )
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v Sparse Connectivity (Minimality): For each parent concept Z, there
exists a subset of its children Z C Ch(Z) such that their only common
parent is Z, i.e.,

() Pa(2) = {Z}.

ZezZ
Interpreting Condition [1} Condition [T]fi] ensures that the observed data X
(e.g., an image) fully captures the information about the latent concepts Z;. This
is a natural assumption as high-dimensional observations contain rich informa-
tion. Condition is a standard regularity assumption for analysis. Both are
common in nonlinear ICA literature [26}27,/32//33),37.|76]. Condition formal-
izes the idea that distinct lower-level concepts (e.g., “wheel,” “door”) respond in
sufficiently distinct ways to changes in a shared higher-level concept (e.g., “car”),
thus facilitating the identification of these lower-level concepts. Condition is
an instantiation of causal minimality for visual concepts. It posits that the causal
graph of concepts is sparse: each concept has a unique “fingerprint” in terms of
its connectivities. This sparsity is crucial for disentanglement [43H45//80,/87] and
is a less restrictive assumption than, for example, pure observed children for
each latent variable |2})3/51]. This condition formalizes a core principle: concepts
are learned through comparison. A concept is identifiable only if the data is rich
enough to distinguish it from alternatives. For instance, if “Knight” and “Horse”
always co-occur, they are learned as a fused concept; learning them separately
requires data that breaks this correlation.

Theorem 2 (Visual Concept Identification). Assume the process for
visual concepts in . C’ondition describes the natural data distribution. For
estimation, suppose a model specification Oy satisfies Condition |1, and an al-
ternative specification é\/ satisfies Conditions and along with a sparsity
constraint such that for corresponding Z and Z:

n(Pa(2)) < n(Pa(2)), (3)

then, if both models @y and év generate the same observed data distribution
P (X), the latent visual concepts Z; are component-wise identifiable for every
level | € [Ly].

Proof sketch for Theorem |2} The proof proceeds by identifying the hierarchi-
cal model level by level, from the top (most abstract concepts) Z; downwards to
Z;, . 1) The paired text data D acts as an auxiliary variable, providing diverse
“influences” on the top-level Z;. Condition ensures these interventions have
distinguishable effects. Analogous to techniques in nonlinear ICA [26}27}[39],
each component D allows the identification of the subspace of Z; variables it
influences. 2) With these subspaces identified, one can identify the intersection
of these subspaces [38l|76L(82]. Therefore, if the graphical structure is sufficiently
sparse, as specified in Condition one can identify the top-level latent vari-
able Z; component-wise. 3) Once Z; is identified, its components can serve as
the auxiliary variables to identify the next level, Z,. This process is repeated
iteratively down the hierarchy, identifying Z; using the already identified Z;_;.
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Implications for text-to-image diffusion models. Theorem [2] underscores
that the sparsity constraint is piotal for identifying true visual concepts.
In practice, this constraint is instantiated through a two-step process: 1) Level-
specific concept learning: We train K-sparse SAEs on features at the specific
timesteps defined in Section [3] This approximates the sparsity condition required
by Theorem [2| 2) Cross-level causal discovery: We then apply causal discovery
algorithms (e.g., PC [70]) across these sparse features to construct the hierarchi-
cal graph, validating that the learned representations align with the theoretical
identification guarantees.

5 Experiments

Evaluation design and objectives. We design our experiments to validate
our theoretical framework in two ways. In Section [5.1] we provide a direct em-
pirical test of our theory: we apply the sparsity constraints derived from causal
minimality (Condition and show that we can, as predicted, extract a meaning-
ful and interpretable hierarchical concept graph. In Section [5.2} we demonstrate
the utility of these identified concepts. If our concepts are truly component-wise
identifiable (Definition , they should be individually controllable. We test this
via a suite of challenging downstream tasks—including model unlearning, con-
trollable image generation, and multi-level editing. For example, we compare
against state-of-the-art unlearning methods to rigorously benchmark our con-
cept removal capabilities. Our objective is to show that our theory not only
finds interpretable concepts but also provides a practical mechanism for fine-
grained, reliable model control. More detailed settings for each experiment are
provided in their respective subsections.

Hierarchical causal analysis. Our theoretical framework motivates an empiri-
cal analysis that differs from standard interpretability approaches. Following the
framework established in Sections [3] and ] we apply our two-step identification
process to Stable Diffusion (SD) 1.4 [60] and Flux.1-Schnell [42] (Appendix E).
We analyze feature representations at the previously defined timesteps (899, 500,
and 100) to extract and verify the hierarchical concept graph.

Benefits. This hierarchical perspective provides two main benefits. First, it en-
ables compositional editing. For a complex object like “a textured tree stump”,
our analysis can distinguish the "stump” (a mid-level concept) from its “texture”
(a low-level one), allowing for independent steering. This is a fine-grained control
challenging for non-hierarchical methods that tend to learn entangled features.
Second, it allows for targeted intervention. By identifying a concept’s level, we
can inject a steered feature back into the diffusion process only at its correspond-
ing timestep, which helps in reducing the unwanted artifacts that can arise from
applying steering globally across all timesteps (see Figure . More details in
Appendix D.



10 L. Kong et al.

i

i Hierarchical Concept Graph

Forehead

Fig. 3: Examples of hierarchical concept graphs for text-to-image models.
Our method successfully recovers meaningful hierarchical structures, where each node
encodes distinct semantic concepts. On the right, we demonstrate feature steering,
where manipulating individual nodes leads to changes in the output that align with
their position in the hierarchy. Intervening on a high-level concept in the learned graph
(“Full face”) alters the cat’s entire facial structure and fur pattern. In contrast, inter-
vening on a learned lower-level concept (e.g., “Eye”) produces a much more localized
edit, changing only the shape and color of the eyes while leaving the rest of the face
intact. More examples in Appendix E.

do(Ears)

Table 1: Model unlearning comparisons. Our method delivers competitive results
on unlearning tasks without compromising standard text-to-image generation. See Ap-
pendix C for details.

Method 2P | RING-A-BELL | P4D | UATK | COCO
K77 K38 K16 AVG FID | CLIP 1
17.8 85.26 87.37 93.68  88.10 98.70  69.70 16.71 31.3
2.87 20.00 29.47 35.79  28.42 15.49 2.87 18.18 30.2
2.81 63.15 56.84 56.84  58.94 12.68 2.81 25.80 29.7
1.04 86.32 91.69 94.26  90.76 5.63 1.04 2412 30.1
1.51 2.10 0.00 0.00 0.70 2.82 1.51 16.80 28.7
0.87 10.52 9.47 12.61  10.87 9.86 0.87  17.99 30.2
0.72 5.26 4.21 5.26 491 5.63 0.72 17.74  30.2
3.77 94.74 95.79 90.53  93.68 69.54  30.99 22.16 31.1
SLD-MAX 1.74 23.16 32.63 42,11  32.63 9.14 244 2875 284
SLD-STRONG 2.28 56.84 64.21 61.05  60.70 33.10 3.10 2440 29.1
SLD-MEDIUM 3.95 92.63 88.42 91.05  90.70 24.00 1.98  21.17 29.8
SD1.4-NegPrompt 0.74 17.89 40.42 34.74  31.68 10.00 1.46 18.33 30.1
SAFREE 1.45 35.78 47.36 55.78  46.31 10.56 1.45 19.32 30.1
TRASCE 0.45 1.05 2.10 2.10 1.75 3.97 0.70 17.41 29.9
ConceptSteer 0.36 3.16 8.42 9.47 7.02 1.99 2.11 18.67 30.8
Ours 0.26 (0.06) 2.10 (0.86) 0.00 (0.00) 1.41 (0.99) 1.17 0.66 2.11 17.02 31.3

5.1 Interpretability Analysis

Hierarchical concept graph. Figure [3]illustrates a hierarchical graph learned
through our approach (more in Appendix E). On the left, we display activation
maps of different SAE features. Brown nodes (SAE nodes trained on timestep
899) capture high-level features, such as node 3556 representing an entire cat
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Fig. 4: Ablation studies on the sparsity constraint. We control feature sparsity
at timestep 500 by varying the number of features (K) in SAE. Without enforcing
sparsity, the resulting concepts tend to be dense, and the features are less interpretable.
Conversely, higher sparsity leads to a more interpretable, sparser graph. However, when
sparsity becomes too high, the resulting graph may become overly sparse and fail to
adequately capture the generation of the cat face.

face. Green nodes (timestep 500) reflect mid-level features, like node 3044 cap-
turing the central face. Blue nodes (timestep 100) capture fine details—node
3066 activates on the eyes and node 762 on the mouth. This demonstrates a
clear progression from coarse to fine-grained concepts across timesteps. To thor-
oughly examine the existence of the hierarchical concept graph, we conduct two
complementary experiments demonstrating that activations at higher timesteps
capture more global semantics, while those at lower timesteps capture more local-
ized details. First, we quantify the spatial spread of activations across timesteps.
For each SAE, we compute attribution maps for its top feature indices. Given
an SAE feature of shape 64 x 64 x 5120, we compute a 64 x 64 attribution map.
Applying a 0.1 threshold yields a binary attribution map, from which we mea-
sure the proportion of activated pixels. Across 1,000 samples, approximately 280,
630, 880, and 1,400 unique concepts are activated for K = 1, 3,5, and 10, respec-
tively. Activations at timestep 899 influence a larger spatial area, indicating that
higher timesteps capture more global, distributed concepts. Second, we generate
images from 10,000 COCO prompts and deactivate the top-1 SAE activation at
each timestep. Comparing the modified generations with the originals shows that
deactivations at noisier timesteps cause substantial, global changes, while those
at less noisy timesteps produce localized effects. These results confirm that fea-
tures at different noise levels encode distinct abstraction levels, supporting the
hierarchical concept graph.

Concept steering in hierarchical graphs. We conduct concept steering us-
ing our discovered features, as shown on the right side of Figure |3| (more in
Appendix E). Given a model intermediate feature z, the SAE encoder E and
decoder D are trained to reconstruct x. To steer a specific concept, we obtain the
latent representation z = E(x), and extract the steering vector v corresponding
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Table 2: Quantitative analyses across different noise levels. (a) Spatial acti-
vation spread: average proportion of pixels influenced by the top-k SAE activations.
Higher timesteps affect a larger spatial area, indicating that SAEs at noisier steps
capture more global, distributed concepts. (b) SAE-deactivated generation compari-
son: similarity metrics between original and SAE-deactivated images. Deactivation at
higher timesteps produces greater perceptual and semantic changes, supporting the
presence of a hierarchical organization of concepts across timesteps.

(a) Spatial activation spread (b) SAE-deactivation comparison

Timestep Topl Top3 Top5 Topl10 L1 LPIPS CLIP DINO

100 0.27 0.21 0.19 0.15 0.004 0.002 0.999 0.999
500 0.30 0.25 0.21 0.17 0.013 0.020 0.995 0.993
899 0.53 0.41 0.33 0.24 0.070 0.220 0.948 0.903

Table 3: Controllable image generation results. Our method achieves the best
CLIP-I metric, demonstrating greater fidelity to the input images, while reliably exe-
cuting the target edits.

Metric SD 1.4 SD1.4 (SAE w/o hier.) SD1.4 (Ours)
Add tabby pattern — CLIP-I | 0.91 4+ 0.05 0.83 4+ 0.07 0.93 + 0.04
Add tabby pattern — CLIP-T 1 0.27 + 0.00 0.28 + 0.02 0.28 + 0.01
Add mountains — CLIP-I | 0.84 4+ 0.06 0.83 £+ 0.04 0.91 + 0.03
Add mountains — CLIP-T 1 0.33 + 0.01 0.32 + 0.01 0.33 + 0.01
Replace rock w/ stump — CLIP-I | 0.93 £ 0.02 0.95 + 0.02 0.96 + 0.02
Replace rock w/ stump — CLIP-T 1 0.31 £+ 0.01 0.29 + 0.01 0.31 + 0.01

to the desired feature. We then modify the original feature to create a steered
version ' = x + AD(v), where A modulates the strength. By feeding the steered
z’ back into the diffusion process at the same timestep, we generate images that
reflect the influence of the selected concept. For example, steering node 3556 —
associated with the entire face of a cat — results in a significantly altered cat
face. Steering the green node 1026 modifies only the upper part of the face,
illustrating that it encodes localized information specific to that region.

Ablation. As established in the theoretical framework, sparsity is crucial for
identifiability. To empirically validate this, we visualize the resulting causal
graphs under varying levels of sparsity, as shown in Figure [4 (more in Ap-
pendix E). When sparsity is not enforced, the resulting graph becomes overly
dense, making it difficult to interpret and diminishing its semantic clarity. Con-
versely, imposing excessive sparsity leads to an overly pruned graph that lacks
sufficient structure to meaningfully explain the generation process, such as in the
case of the cat image. These observations highlight the importance of balancing
sparsity to preserve interpretability while maintaining explanatory power.
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Before SAE w/o hier

Fig.5: Generated samples with P4D prompts . The Stable Diffusion model
is vulnerable to the prompts in the p4d dataset, producing unsafe images. When the
hierarchical relationship across timesteps is not considered, negative steering with SAE
results in drastic changes to the output. In contrast, our method learns to apply mod-
ifications to the nudity feature at a suitable timestep without additional distortions.

Avariation of dog wearing crown

A variation of drink

~ 1531+5079

w/o hier w/o’hier

Fig. 6: Examples of multi-level editing (best viewed with zoom). High-level node
2212 contains all information about the cup, while mid-level node 3372 focuses primar-
ily on the ice cubes. Similarly, high-level node 1531 encompasses all information about
the dog (including the crown), and mid-level node 5079 is dedicated to the crown. By
modeling hierarchical relationships, we can perform edits that are often difficult to
achieve with a single-layer edit. For instance, if we want to generate a variation of the
cup while removing the ice cubes, we can apply feature steering on high-level node 2212
to create a new version of the cup, and simultaneously apply negative feature steering
on mid-level node 3372 to remove the ice cubes.

5.2 Downstream Tasks

Thanks to our theoretical framework, we can naturally perform a range of image
generation and editing tasks, including model unlearning, controllable image
generation, and multi-level editing.

Model unlearning. We provide quantitative results of model unlearning on four
benchmark datasets: IP2P [64], three splits of RING-A-BELL [75], P4D [7], and
UnlearnDiffATK . These benchmarks focus on removing nudity-related con-
cepts, and we report the accuracy of a pretrained nudity detector. Our method
achieves competitive concept suppression while preserving standard text-to-image
generation quality. In addition, to assess whether our method preserves gen-
eral text-to-image capability, we apply feature steering on normal prompts from
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MSCOCO [47]. The 10K results, reflected in low FID and high CLIP scores,
demonstrate that our method successfully identifies and removes nudity concepts
without affecting unrelated concepts. Appendix E also reports complementary
VLM under-erasure and retention metrics and style-removal results.
Controllable image generation. We also evaluate controllable image genera-
tion on three editing tasks: adding tabby patterns to cat faces, adding mountains
to landscape images, and replacing rocks with textured tree stumps. As shown
in Table 3] our method achieves superior results compared to both the standard
text-guided model and SAE without hierarchical modeling.

Multi-level image editing. A key advantage of the hierarchical concept graph
is that it can combine nodes across different levels for fine-grained image editing.
In Figure@, to obtain a new drink without ice (while preserving the background),
we can apply multi-level editing by steering features at both high-level node 2212
and mid-level node 3372 simultaneously. Without such hierarchical relationship
modeling, conventional methods struggle to produce this combination, which can
result in undesired changes such as the drink being replaced by a person or the
dog’s background.

6 Conclusion

In this work, we present a theoretical framework using causal minimality for iden-
tifying latent concepts in hierarchical selection models. We prove that generative
model representations can map to true latent variables. Empirically, applying
these constraints to text-to-image diffusion models enables extracting meaning-
ful hierarchical concept graphs, enhancing interpretability and grounded control.
Limitations: Our identifiability results are derived under standard regular-
ity /minimality assumptions. These conditions are consistent with the inductive
biases we encourage and are supported by our empirical findings. Extending the
guarantees to broader forms of misspecification remains an important direction
for future work.
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