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ABSTRACT

Text-to-image diffusion models enable flexible semantic editing but lack causal
control: the ability to intervene on a target factor while preserving causally inde-
pendent attributes during editing. Trained observationally, these models encode
both causal and incidental correlations. For example, increasing age should affect
wrinkles, a causal descendant, but not camera pose or background, which may
be correlated yet causally independent. Existing editing methods entangle these
effects because optimizing target accuracy under correlated factors exploits spu-
rious co-occurrences, trading invariance for fidelity and failing to enforce causal
mediation. We introduce CausalSliders, a parameter-efficient image-editing frame-
work that embeds causal structure directly into diffusion-model adaptation. We
represent each semantic factor by a dedicated low-rank LoRA adapter trained to
induce a targeted parameter-space effect, enabling reusable edits without per-image
optimization. Minimality and conditional-independence losses penalize non-target
drift and cross-factor interference, addressing failures of linear, commutative multi-
LoRA composition under correlated factors. Factor dependencies are encoded
by a directed acyclic graph, and a gated, non-commutative composition operator
applies interventions in causal order to enforce mediation under multi-attribute
edits. By enforcing graph-ordered parameter interventions, CausalSliders improves
multi-factor correctness from 39% (Concept Sliders) to 72% and achieves 81%
causal path accuracy, matching the causal accuracy of Deep-SCM while running
over 50× faster without per-image optimization.

1 INTRODUCTION

Counterfactual image editing asks whether a model can change a specified semantic factor while
holding causally independent factors invariant under the intervention. For example, making a person
younger should affect age-related attributes such as wrinkles while preserving identity, pose, and
background. This distinction is critical in applications such as fairness auditing, controlled data
generation, and scientific imaging, where violations of causal structure can distort conclusions or
produce misleading samples Melistas et al. (2024b); Komanduri et al. (2024).

While recent closed-source systems Google DeepMind (2025); Google AI for Developers (2026);
Google (2025); OpenAI (2025a;b); Labs et al. (2025) have advanced image editing quality, open-
source diffusion models remain large and costly to iterate on, motivating parameter-efficient ap-
proaches for reusable editing. However, parameter efficiency alone is insufficient: existing diffusion-
based editing methods, including parameter-efficient ones, frequently violate the causal faithfulness
requirement. Most approaches are trained on observational correlations Gandikota et al. (2024); Yu
et al. (2022); Hertz et al. (2022), which conflate causal effects with incidental co-occurrences and
lead to correlation-driven edits rather than targeted interventions. As a result, edits applied to one
semantic factor propagate to unrelated factors that are statistically correlated in the training data (e.g.,
adding eyeglasses changes lighting). Alternatively, a second class of methods enforces semantic
invariance by suppressing all non-target changes Couairon et al. (2022); Wallace et al. (2023); Dong
et al. (2023), which prevents leakage but also removes valid causal effects (e.g., age edits no longer
induce wrinkles). Consequently, methods designed to prevent incorrect changes also suppress correct
downstream responses. Thus, without causal structure, existing methods face a fundamental tradeoff:
correlation-based edits change too much, while invariance-based edits change too little, and neither
yields faithful counterfactuals.
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Figure 1: Overview of CausalSliders. Phase 1: Train a separate low-rank adapter (LoRA) for each semantic
attribute on a shared frozen diffusion backbone. Phase 2: A causal graph selects and orders attribute LoRAs for
a given intervention, which are composed with learned gating and applied in a single forward pass to generate
the counterfactual image.

The core challenge is therefore causal coordination under efficiency constraints, assuming a fixed
causal graph. Parameter-efficient adaptations such as LoRA are efficient and reusable, but when
trained independently and composed linearly (i.e., by commutative summation), they behave as
entangled style controls rather than interventions. For example, parameter-efficient methods such as
Concept Sliders derive editing directions from textual contrasts or reference images, which inherit
dataset correlations and entangle target attributes with correlated factors. In contrast, approaches such
as disentangled causal latent spaces have been proposed to scale causal editing to large generative
models (Pan & Bareinboim, 2025), but existing methods often rely on domain labels or structure that
do not generalize to multi-attribute interventions. Without additional structure, causal faithfulness,
compositional correctness, and parameter efficiency cannot be achieved simultaneously within
existing LoRA-based or SCM-based approaches.

We address this gap by embedding causal structure directly into parameter-efficient adaptation.
We introduce CausalSliders, a framework that treats each low-rank adapter as a targeted causal
modification of a single semantic factor. As shown in Figure 1, each adapter modifies how a single
semantic factor influences generation while the diffusion backbone remains frozen. The resulting
adapters are reusable across inputs and coordinated at inference time without retraining the generator.
CausalSliders does not assume factors are independent. Dependencies among factors are specified by
a directed acyclic graph provided externally, either from known generative processes, lightweight
domain knowledge, or prior causal discovery. The graph is fixed during training and inference;
learning causal structure from data is outside the scope of this work. It encodes which attributes may
change in response to an intervention and which must remain invariant, consistent with structural
causal modeling frameworks that underlie controllable generative models (Komanduri et al., 2024;
Correa & Bareinboim, 2025). Causal structure governs both training and inference. During training,
objectives enforce target correctness, suppress changes to non-descendant factors, and penalize
violations of conditional independence. During inference, multiple adapters are composed using a
graph-ordered, gated operator. Independent factors commute, while causally related factors exhibit
ordered, non-commutative behavior. This prevents descendant attributes from activating without their
causal parents and eliminates leakage caused by linear composition.

Across CelebA Liu et al. (2015) and MorphoMNIST Castro et al. (2019), CausalSliders improves
causal faithfulness and compositional correctness without sacrificing efficiency. On CelebA-Complex,
it raises multi-factor correctness from 39% under linear LoRA composition to 72% and achieves
81% causal path accuracy, matching optimization-based causal models without per-image inference.
Single- and continuous-factor experiments confirm that these gains preserve expressivity and image
quality while enforcing correct causal mediation. Detailed results and ablations appear in Section 5.

Contributions.

• Causal coordination of parameter-efficient edits. We show that linear, commutative
composition of LoRA adapters is fundamentally incompatible with causal counterfactual
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editing, and propose a non-commutative composition of low-rank parameter interventions
grounded in a causal graph.

• Graph-aware intervention objectives. We introduce training objectives that make causal
violations explicit and optimizable, enforcing target correctness, suppressing non-descendant
leakage, and penalizing incorrect causal mediation at the level of parameter-space interven-
tions.

• Efficient causal editing without per-image optimization. We demonstrate faithful multi-
attribute counterfactual editing that matches optimization-based causal models while elimi-
nating per-image optimization, retaining the efficiency and reusability of parameter-efficient
adaptation.

We will release our code and models to support further research in causal image editing.

2 RELATED WORK

Our work lies at the intersection of causal inference, parameter-efficient adaptation, and counterfactual
image editing. Prior work addresses these themes independently, but very few existing approach
simultaneously achieves causal faithfulness, compositional correctness, and parameter efficiency.

Causal and Counterfactual Editing. Image editing has increasingly been framed as counterfactual
inference, requiring edits to respect causal relations rather than observational correlations. Existing
causal approaches enforce structure through predefined graphs, factorized mechanisms, latent-space
reparameterization, or inference-time optimization, achieving counterfactual consistency at the cost
of custom training, specialized representations, or per-image optimization Kocaoglu et al. (2017);
Sauer & Geiger (2021); Pan & Bareinboim (2025); Yu et al. (2022); Pawlowski et al. (2020); Tong
et al. (2025). Benchmarking studies further show that causal faithfulness and correct downstream
propagation require access to ground-truth structure, motivating the use of controlled datasets such as
CelebA and MorphoMNIST Melistas et al. (2024b). Application-driven methods emphasize causal
isolation in specific settings but do not address efficient multi-factor composition under correlated
attributes Alaya et al. (2024); Dong et al. (2023). In contrast, CausalSliders targets efficient, reusable
causal composition directly in parameter space.

Parameter-Efficient and Plug-and-Play Controls. Parameter-efficient and plug-and-play methods
enable reusable edits by injecting low-rank updates or manipulating prompts, attention maps, inter-
mediate features, or CLIP-based objectives, achieving strong visual quality and usability without
retraining Hu et al. (2021); Gandikota et al. (2024); Shah et al. (2023); Gu et al. (2023); Li et al.
(2025); Xia et al. (2025); Luo et al. (2024); Sridhar & Vasconcelos (2024); Alekseenko et al. (2026);
Huang et al. (2025); Yu et al. (2022); Dong et al. (2023); Hertz et al. (2022); Tumanyan et al. (2022);
Couairon et al. (2022); Wallace et al. (2023). However, these approaches compose controls commu-
tatively and rely on observational correlations or invariance constraints, conflating P (y | x) with
P (y | do(x)) under correlated attributes.

Benchmarking and Positioning of Our Work. Recent benchmarking and interpretability studies
highlight that causal faithfulness and disentanglement require explicit structure and principled
coordination when scaling to many concepts Melistas et al. (2024a); He et al. (2026); Luo et al.
(2024); Alekseenko et al. (2026). From a broader causal modeling perspective, counterfactual
queries are identifiable only under explicit structural assumptions and well-defined intervention
semantics Correa & Bareinboim (2025); Lee et al. (2025); Zhang & Bareinboim (2025); Jaimini &
Sheth (2022). CausalSliders addresses this gap by embedding causal structure directly into parameter-
efficient LoRA adaptations, enabling graph-ordered, non-commutative composition that achieves
faithful multi-attribute counterfactuals without per-image optimization or architectural redesign.3 METHOD

3.1 PROBLEM SETUP AND CAUSAL EDITING OBJECTIVE
We study counterfactual image editing under a fixed, pretrained diffusion model. The objective is
causal correctness: changing specified semantic factors while preserving all causally independent
ones. Let x ∈ X denote an input image and z(x) = (z1(x), . . . , zK(x)) a set of interpretable
semantic factors, each binary or continuous. We assume a fixed, user-specified set of semantic factors
provided via dataset-level supervision or descriptors, which are visually grounded and may be binary
or continuous; extending the framework to open-vocabulary or automatically discovered attributes is
a natural direction but outside the scope of this work. We assume a directed acyclic graph G = (V, E)
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Figure 2: Causal graphs used in our experiments. (a) MorphoMNIST: thickness and digit identity influence
intensity, which determines the final image. (b) CelebA (simple): smile and eyeglasses directly affect the image
and are causally independent. (c) CelebA (complex): age and gender jointly influence beard and baldness,
which mediate effects on the image. These graphs define permissible intervention paths and non-descendant
invariance constraints.

over factors, where V = {1, . . . ,K} and an edge i → j indicates that zi is a direct cause of zj .
The graph specifies which attribute changes are causally permitted under an intervention and which
constitute leakage. For a factor k, let Desc(k) denote its descendants in G, excluding k itself, and
for a set T , let Desc(T ) =

⋃
t∈T Desc(t). We denote by π(k) the set of parents of factor k in G,

π(k) = {i ∈ V : i → k ∈ E}.

Editing queries. An editing query specifies a set of target factors T ⊆ V and desired values
{z⋆t : t ∈ T}, written as do(zt = z⋆t , t ∈ T ). We represent the query by intervention magnitudes
α = (α1, . . . , αK), where αk controls the strength of intervention on factor zk and αk = 0 for all
k /∈ T . Binary factors use αk ∈ {0, 1}, while continuous factors use αk ∈ R. We write α(k) for
a single-factor intervention. More generally, for a set S ⊆ V , α(S) denotes an intervention where
αk ̸= 0 for k ∈ S and αk = 0 otherwise. The query intervenes only on the specified targets; any
additional changes in the output are allowed only if they arise as causal consequences along directed
paths in G.

Causal faithfulness. Given (x, T, {z⋆t }), an edited image x̂ is causally faithful if it satisfies the
following conditions.

Target correctness. |zt(x̂)−z⋆t | ≤ εt ∀ t ∈ T , with εt = 0 for binary factors and εt set by descriptor
variance for continuous factors.

Non-descendant invariance. zi(x̂) = zi(x) ∀ i /∈ Desc(T ); violations of this constraint are termed
attribute leakage.

Causal mediation. For j ∈ Desc(T ), changes in zj arise only via active directed paths from T in
G. Descendant factors do not change when their parents are inactive and respond consistently under
multiple simultaneous interventions. For example, Wrinkles may change when intervening on Age, but
not when activated independently. These conditions rule out edits that exploit statistical correlations
rather than isolating the causal effect of an intervention. We additionally require compositional
correctness: interventions on causally independent factors commute, while interventions on causally
related factors exhibit ordered, non-commutative behavior. Finally, we impose parameter efficiency:
all edits are realized without retraining the diffusion backbone or performing per-image optimization.

Supervision and graphs. We assume access to frozen descriptor functions hk : X → R used only
for training and evaluation. On MorphoMNIST, descriptors correspond to ground-truth generative
factors; on CelebA, they are pretrained attribute classifiers. In practice, factor values are evaluated via
descriptors, with zk(x) approximated by hk(x). The causal graph G is fixed and external, derived
from known generative structure or domain knowledge. Examples of the causal graphs used in our
experiments are shown in Figure 2. Section 6 evaluates robustness to graph misspecification by
perturbing edges in G.

3.2 CAUSAL EDITING AS PARAMETER-SPACE INTERVENTION

The constraints in Section 3.1 restrict where and how interventions act. To satisfy causal faithfulness
under composition, an intervention modifies the mechanism by which a factor influences generation
rather than conditioning on correlated representations.

4
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Why parameter space. Latent- or prompt-based edits act on entangled representations and cannot
guarantee non-descendant invariance or controlled mediation. Parameter-space interventions instead
modify a factor-specific generation mechanism while leaving all others unchanged, matching the
semantics of causal intervention.

Diffusion editing operator. Let W0 denote the frozen parameters of a pretrained diffusion model.
Given an input image x, editing is performed via image-conditioned diffusion under adapted parame-
ters,

x̂α ∼ E(x; W, α, ξ), (1)

where W denotes parameters after intervention composition and ξ denotes sampling noise. In practice,
DDIM inversion maps x to latent space for conditional denoising under adapted parameters. The text
prompt is kept empty; all semantic control is exerted through parameter adaptation.

Low-rank parameter interventions. We implement interventions using low-rank adaptation. For a
pretrained weight matrix W

(ℓ)
0 ∈ Rdout×din , we introduce

∆W (ℓ) = A(ℓ)(B(ℓ))⊤, A(ℓ) ∈ Rdout×r, B(ℓ) ∈ Rdin×r (2)

with r ≪ min(dout, din). The adapted weight is W (ℓ) = W
(ℓ)
0 + s · ∆W (ℓ). All backbone

parameters remain frozen. In the factorized architecture described next, the scalar s is replaced by
the factor-specific magnitude αk that controls activation of adapter ∆Wk.

3.3 FACTORIZED INTERVENTION ARCHITECTURE

We realize parameter-space interventions using a factorized adapter architecture. Each semantic
factor is associated with a dedicated, reusable intervention module.

Factor-indexed adapters. For each factor zk, we introduce a low-rank adapter ∆Wk. Activating
∆Wk constitutes an intervention on zk. Adapters are indexed by factor identity rather than by image
and are shared across all inputs, requiring K adapters total. Unless stated otherwise, adapters are
inserted into the query, key, and value projections of mid-to-late UNet cross-attention layers, which
primarily control high-level semantics. All adapters use rank r = 8. The diffusion backbone remains
frozen.

Slider interface. Each adapter ∆Wk is controlled by a scalar magnitude αk, enabling continuous
control over intervention strength. This motivates the term slider. Single-factor edits activate one
slider; multi-factor edits activate several. Binary and continuous factors share the same interface.

Parameter independence. Adapters are parameter-independent. Each represents one controllable
degree of freedom; interactions arise only through composition rules (Section 3.4), not entangled
parameterization.

Limitation of factorization. Factorization alone does not enforce causal correctness. When multiple
adapters are active, naive composition leads to interference and attribute leakage. Section 3.4
introduces a graph-ordered composition rule that resolves this limitation.

3.4 GRAPH-ORDERED COMPOSITION AND GATED MEDIATION

The factorized adapters from Section 3.3 must compose in a way that respects the causal constraints
defined in Section 3.1. Naive composition treats all factors as independent and violates causal
mediation under correlated attributes.

Failure of linear composition. A common baseline composes adapters by linear summation,

W = W0 +

K∑
k=1

αk ∆Wk. (3)

} This operation is commutative. As a result, adapters corresponding to descendant factors may activate even
when their causal parents are inactive, producing attribute leakage.

Graph-ordered composition. To enforce causal ordering, we compose adapters according to the structure
of G. Let (k1, . . . , kK) denote a topological ordering of the causal graph. For t = 1, . . . ,K, starting from
W (0) = W0, we apply

5
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W (t) = W (t−1) + α̃kt ∆Wkt , W = W (K). (4)

Disconnected components of G are composed independently and therefore commute. For reproducibility, we
use a fixed deterministic topological ordering, with ties broken lexicographically by factor index.

Gated mediation. Sequential ordering alone is insufficient when multiple factors are intervened upon jointly,
because descendant effects must be conditionally suppressed based on parent activation strength, not order alone.
We therefore modulate each intervention by a learnable gate. For factor zk with parent set π(k), the effective
intervention magnitude is

α̃k = αk · gk({αp}p∈π(k)), gk(·) ∈ [0, 1]. (5)

If π(k) = ∅, then gk ≡ 1; otherwise gk : R|π(k)| → [0, 1]. Gating suppresses descendant parameter updates
when their causal parents are inactive and permits activation only under valid upstream context. Suppressing a
descendant adapter does not prohibit descendant image changes induced by upstream interventions; it prevents
spurious parameter updates that bypass causal mediation.

Gating parameterization. Each gate is parameterized as
gk({αp}p∈π(k)) = σ

(
w⊤

k [αp1 , . . . , αp|π(k)| , 1]
)
, (6)

where wk ∈ R|π(k)|+1 and σ denotes the sigmoid. Gating parameters are initialized near pass-through behavior
and learned during training.

Non-commutativity and correctness. Graph-ordered composition is generally non-commutative. Interventions
on causally independent factors commute, while interventions on causally related factors do not. This behavior
instantiates compositional correctness. The contribution is the composition rule itself, which enforces causal
semantics independently of the choice of parameterization. We denote the resulting composition as W =
Compose(W0,α;G).

Losses as causal constraints. We train adapters and gates using losses that correspond to distinct violations of
causal faithfulness. Expectations over ξ are estimated using a single diffusion sample per update.

Intervention loss.
L(k)

int = Eξ[ℓ(hk(x̂α(k)), z
⋆
k)] , (7)

where ℓ is binary cross-entropy for binary factors and squared error for continuous factors.

Minimality loss.
L(k)

min =
∑

j /∈Desc(k)∪{k}

Eξ

[
∥hj(x̂α(k))− hj(x̂0)∥1

]
. (8)

Conditional independence loss. For each pair i ⊥ j in G,

L(i,j)
CI = Eξ[∥hj(x̂α(i,j))− hj(x̂α(j))∥1 + ∥hi(x̂α(i,j))− hi(x̂α(i))∥1] . (9)

Chain loss. For each edge i→ j,

L(i→j)
chain = Eξ

[∥∥(hj(x̂α(i))− hj(x̂0)
)
−

(
hj(x̂α(i,j))− hj(x̂α(j))

)∥∥
1

]
. (10)

This enforces that the edge i→ j represents a stable causal mechanism independent of direct interventions on
j. The formulation assumes approximately additive mediated effects; robustness to nonlinear interactions is
evaluated in Section 6.

Objective and training. The total objective is

L =
∑
k

(
λintL(k)

int + λminL(k)
min

)
+

∑
i⊥j

λCIL(i,j)
CI +

∑
i→j

λchainL(i→j)
chain .

We use λint = 1.0 and λmin = λCI = λchain = 0.5 throughout unless otherwise stated.
Training proceeds in two stages. Stage 1 trains each adapter ∆Wk independently using L(k)

int + L(k)
min. Stage 2

freezes adapter parameters {A(ℓ)
k , B

(ℓ)
k } and trains only gating weights {wk} for five epochs using LCI and

Lchain. No per-image optimization or inference-time finetuning is performed.

4 EXPERIMENTAL SETUP

We evaluate CausalSliders along three axes: causal faithfulness, compositional correctness, and parameter
efficiency. All experiments use a frozen diffusion backbone, identical training data across methods, and fixed
causal graphs per dataset.

6
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(a) Graph-ordered compositional counterfactual edit-
ing.

(b) Non-causal attribute leakage under correlation-
driven editing.

Figure 3: Compositional counterfactual editing on CelebA (Complex). (Left) Simultaneous interventions on age
and smile, where age increases left to right while smile is held fixed; graph-ordered causal composition preserves
non-target attributes while allowing valid downstream (mediated) effects. (Right) Correlation-driven editing
exhibits non-target leakage: Concept Sliders alter facial hair and geometry under smile and modify beard and
face shape under bald, whereas our method preserves causally independent attributes.

Datasets and Causal Graphs. We evaluate on two datasets with complementary causal structure. MorphoM-
NIST Castro et al. (2019) provides continuous generative factors with a known causal chain Thickness →
Intensity, enabling controlled evaluation of causal mediation under continuous interventions. CelebA Liu et al.
(2015) provides binary semantic attributes with confounding, for which we use two fixed graphs: CelebA-Simple,
containing five sparsely connected attributes, and CelebA-Complex, containing nine attributes with structures
such as Age→ Bald← Gender. All causal graphs are fixed and derived from domain knowledge.

Base Model and Editing Protocol. All methods use the same pretrained Stable Diffusion v1.4 Rombach et al.
(2022) backbone with frozen base parameters. Editing is performed via image-conditioned diffusion using
DDIM inversion Song et al. (2022), followed by conditional denoising under adapted parameters. The text
prompt is kept empty, and unless stated otherwise, each edit uses a single diffusion sample.

Adapter Configuration and Training. All interventions use low-rank adapters, with each semantic factor
associated with a dedicated adapter of rank r = 8 by default. Unless stated otherwise, adapters are inserted
into the query, key, and value projections of mid-to-late UNet cross-attention layers (depths 6–11). Training
follows the two-stage procedure in Section 3.4: Stage 1 trains each adapter independently for 20 epochs using
the intervention and minimality losses, while Stage 2 freezes all adapter parameters {A(ℓ)

k , B
(ℓ)
k } and trains

only gating weights {wk} for five epochs using the conditional independence and chain losses. All models are
trained with AdamW using learning rates 10−4 (Stage 1) and 10−5 (Stage 2), and no per-image optimization or
inference-time finetuning is performed.

Baselines. We compare against three representative baselines. Concept Sliders Gandikota et al. (2024) trains
one adapter per semantic factor and composes multiple edits by linear summation. Linear Multi-LoRA uses the
same adapter architecture but removes graph ordering, gating, and causal losses. Deep-SCM Pawlowski et al.
(2020) enforces causal constraints via per-image optimization and serves as a causal correctness reference. All
baselines use the same Stable Diffusion v1.4 backbone, training data, and evaluation protocol, and all per-factor
LoRAs are trained with comparable rank and identical attribute supervision as Concept Sliders, isolating the
effect of causal coordination rather than representational capacity.

Evaluation Metrics. All metrics use descriptor functions hk (Section 3.1) and are reported as mean ± standard
deviation over three random seeds (paired two-sided t-tests, p < 0.05). Intervention accuracy (IA). For a
single-factor intervention α(k),

IA(k) = Ex [1(|hk(x̂α(k))− z⋆k| ≤ εk)] . (11)

Attribute leakage. Unintended changes to non-descendant factors:

Leakage(k) = Ex

 1

|V \ (Desc(k) ∪ {k})|
∑

j /∈Desc(k)∪{k}

|hj(x̂α(k))− hj(x̂0)|

 . (12)

Causal path accuracy (CPA). For each causal edge i→ j,
CPA = Ex, i→j [1(|hj(x̂α(i))− hj(x̂0)| > εj)] . (13)

Compositional commutativity error. For causally independent factors i ⊥ j,

CommErr(i, j) = Ex

[
∥x̂ i≺j

α(i,j) − x̂ j≺i

α(i,j)∥2
]
. (14)
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Table 1: Multi-factor composition accuracy (CelebA).
Method MIA ↑ CommErr ↓ CPA ↑ CLIP ↑

Concept Sliders 0.39 ± 0.04 0.42 ± 0.05 0.52 ± 0.03 0.284 ± 0.008
Linear Multi-LoRA 0.33 ± 0.05 0.48 ± 0.06 0.47 ± 0.04 0.271 ± 0.011
Deep-SCM 0.64 ± 0.03 0.11 ± 0.02 0.74 ± 0.02 0.251 ± 0.009
CausalSliders (ours) 0.72 ± 0.03 0.09 ± 0.02 0.81 ± 0.02 0.278 ± 0.007

Table 2: Efficiency comparison with causal and parameter effi-
cient baselines.

Method Inference (ms) ↓ Params (M) ↓ CPA ↑ MIA ↑

Deep-SCM 2400 ± 180 Full model 0.74 ± 0.02 0.64 ± 0.03
Concept Sliders 45 ± 3 11.8 0.52 ± 0.03 0.39 ± 0.04
Linear Multi-LoRA 43 ± 2 11.8 0.47 ± 0.04 0.33 ± 0.05
CausalSliders (ours) 48 ± 3 12.6 0.81 ± 0.02 0.72 ± 0.03

Figure 4: Effect of graph misspecification on
causal performance (CPA, MIA).

Table 3: Single-factor intervention results across datasets. CelebA uses binary attribute classifiers (IA, Leakage,
FID). MorphoMNIST uses ground-truth continuous factors: Thickness MAE measures intervention accuracy
under do(thickness); LPIPS measures composition stability over 10 null-intervention cycles.

Method CelebA MorphoMNIST

IA ↑ Leak. ↓ FID ↓ Thick. ↓ LPIPS ↓

Concept Sliders .84 ± .02 .28 ± .03 11.9 .118 ± .009 .031 ± .003
Linear Multi-LoRA .78 ± .03 .35 ± .04 11.7 .141 ± .012 .038 ± .004
Deep-SCM .76 ± .02 .14 ± .02 18.4 .062 ± .005 .025 ± .002
CausalSliders (ours) .88 ± .02 .15 ± .02 12.1 .054 ± .004 .023 ± .002

Multi-factor intervention accuracy (MIA). For a target set T ,

MIA(T ) = Ex

∏
t∈T

1(|ht(x̂α(T ))− z⋆t | ≤ εt)·
∏

j∈V\(Desc(T )∪T )

1(|hj(x̂α(T ))− hj(x̂0)| ≤ εj)

 .

Tolerances and efficiency. For binary factors, εk = 0; for continuous factors, εk equals twice the validation-set
standard deviation of hk. We report trainable parameters, inference time (ms/image), and FID/LPIPS to verify
that causal enforcement preserves perceptual quality.

5 RESULTS

We evaluate CausalSliders on causal faithfulness, compositional correctness, and efficiency across CelebA (under
both Simple and Complex causal graphs) and MorphoMNIST with known continuous generative factors, with
qualitative examples shown in Figures 3a and 3b.

Single-Factor Interventions. Table 3 evaluates whether individual interventions achieve the target edit while
preserving causally independent attributes. Across datasets, correlation-based LoRA methods exhibit substantial
non-descendant leakage due to correlated attributes. CausalSliders reduces this leakage while maintaining strong
intervention accuracy and comparable image quality, matching optimization-based causal baselines without
per-image optimization. Results on MorphoMNIST further verify generalization to continuous factors and
correct mediation along known causal chains (Table 7).

Multi-Factor Composition. Table 1 shows that graph-guided composition is essential for correctness under
simultaneous interventions. Linear composition degrades sharply on CelebA-Complex, exhibiting high commu-
tativity error and reduced causal path accuracy. By enforcing graph-ordered composition with gated mediation,
CausalSliders preserves independence between unrelated factors while enabling correct downstream propagation.

Efficiency-Fidelity Tradeoff. Table 2 compares causal fidelity against inference cost. Optimization-based
causal models achieve strong correctness but require expensive test-time optimization. In contrast, CausalSliders
attains comparable or higher causal accuracy at near-linear inference cost, introducing only minimal parameter
overhead relative to standard LoRA composition.

6 ABLATION STUDIES

Unless stated otherwise, ablations are evaluated on CelebA-Complex, which exhibits confounding and multi-
parent causal structure. (1) Graph dependence: Figure 4 shows that CPA/MIA degrade smoothly under
missing-edge or extra-edge variants (50%) and collapse under reversed or random graphs, approaching linear
composition, confirming that gains arise from approximate graph correctness rather than architectural bias. (2)
Component contributions: Table 6 demonstrates that removing graph ordering collapses performance to linear
baselines, while disabling gating or causal losses yields intermediate degradation, indicating that causal fidelity

8
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Table 4: Component ablation (CelebA-Complex).
Variant CPA ↑ MIA ↑ Leakage ↓

Full CausalSliders 0.81 ± 0.02 0.72 ± 0.03 0.15 ± 0.02
w/o graph ordering 0.47 ± 0.03 0.33 ± 0.05 0.35 ± 0.04
w/o gating 0.63 ± 0.03 0.52 ± 0.04 0.21 ± 0.03
w/o all causal losses 0.58 ± 0.04 0.48 ± 0.05 0.26 ± 0.03
w/o minimality loss 0.71 ± 0.03 0.66 ± 0.04 0.23 ± 0.03
w/o independence loss 0.75 ± 0.02 0.68 ± 0.03 0.18 ± 0.02
w/o chain loss 0.68 ± 0.03 0.61 ± 0.04 0.16 ± 0.02

Table 5: Adapter placement and training (CelebA-
Complex).

Configuration CPA ↑ MIA ↑

Early layers (2–5) 0.61 ± 0.04 0.49 ± 0.05
Mid layers (6–9) 0.76 ± 0.03 0.67 ± 0.04
Late layers (10–12) 0.74 ± 0.03 0.64 ± 0.04
Mid+Late (ours) 0.81 ± 0.02 0.72 ± 0.03

Joint training 0.73 ± 0.03 0.65 ± 0.04
Two-stage (ours) 0.81 ± 0.02 0.72 ± 0.03

Table 6: Gating strategy (CelebA-Complex).
Gating function CPA ↑ MIA ↑ Infer. (ms) ↓

Learned sigmoid (ours) 0.81 ± 0.02 0.72 ± 0.03 48 ± 3
Hard threshold 0.67 ± 0.03 0.55 ± 0.04 46 ± 3
Product gating 0.69 ± 0.03 0.58 ± 0.04 48 ± 3
No gating (linear) 0.47 ± 0.03 0.33 ± 0.05 43 ± 2

Table 7: Causal mediation on MorphoMNIST.
Method Thickness MAE ↓ Intensity MAE ↓ FID ↓

Concept Sliders 0.118 ± 0.009 4.2 ± 0.3 10.8 ± 0.6
Linear Multi-LoRA 0.141 ± 0.012 5.1 ± 0.4 11.3 ± 0.7
Deep-SCM 0.062 ± 0.005 3.6 ± 0.2 9.2 ± 0.5
CausalSliders (ours) 0.054 ± 0.004 3.3 ± 0.2 9.5 ± 0.5

emerges from their joint enforcement rather than any single component. (3) Design choices: Tables 5 and 4
further shows that learned soft gating outperforms hard alternatives, and that mid-to-late layer adapters with
two-stage training yield the strongest causal control, consistent with semantic modulation occurring at higher
UNet layers.

7 DISCUSSION

Observational Overfitting vs. Structural Intervention. Our results show that state-of-the-art editing methods,
such as Concept Sliders degrade under composition not due to limited capacity, but due to observational
overfitting. These methods optimize for observational associations, P (y | x), and therefore learn and amplify
spurious correlations present in the data (e.g., Age↔ Glasses). As a result, visually plausible edits often violate
counterfactual intent.

CausalSliders reframes editing as a problem of structural intervention. We show that specifying causal relations
alone is insufficient: without architectural constraints, correlated attributes remain entangled. Graph-ordered
composition, together with gated execution and minimality-based constraints, provides the mechanism required
to encourage P (y | do(x)) behavior. This design promotes interventions that primarily affect the target factor
and its causal descendants, while preserving independent attributes such as identity and background.

Evaluation under Controlled Structure. Although CelebA is sometimes viewed as a limited benchmark, it
is one of the few datasets that supports quantitative evaluation of causal consistency. Following prior work
on benchmarking counterfactual image generation, we use CelebA and MorphoMNIST to enable rigorous
measurement of non-descendant leakage, causal path accuracy, and mediation effects. Such metrics are ill-
defined on open-ended web-scale datasets, where causal structure and semantic ground truth are unavailable.
Our evaluation therefore prioritizes falsifiable evidence of causal control rather than qualitative visual diversity
alone.

Limitations and Outlook. A primary limitation of CausalSliders is its reliance on a predefined causal graph;
performance degrades under graph misspecification, a limitation shared by other causal editing approaches.
Scaling to many attributes introduces challenges: training a separate LoRA for each semantic factor can be
costly, and per-attribute adapters increase parameter count and inference overhead. Extending the framework
to open-vocabulary or prompt-defined attributes remains unexplored and may require additional mechanisms
to avoid correlation-driven entanglement. Future work may mitigate graph dependence by integrating causal
discovery or external structural priors.

Beyond image editing, graph-ordered parameter interventions may benefit AI for science domains where causal
structure is partially known. For example, in molecular property optimization, causal graphs may encode
dependencies such as Chirality→ Binding Affinity←Molecular Weight, enabling interventions that preserve
upstream factors while editing downstream properties.

CONCLUSION.

CausalSliders demonstrates that causal reasoning can be embedded into diffusion-based image editing through
structured low-rank adaptation. By coordinating low-rank adapters according to a directed acyclic graph, the
method bridges the gap between the visual fidelity of modern diffusion models and the semantic requirements of
counterfactual reasoning, without per-instance optimization or full retraining.

9
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IMPACT STATEMENT.

This work improves the causal reliability of image editing by enforcing graph-structured, parameter-efficient
interventions in diffusion models. The approach reduces unintended attribute leakage, supporting more trustwor-
thy use in fairness analysis, controlled data generation, and scientific applications. Like all generative models, it
may be misused for deceptive editing, underscoring the need for responsible deployment.
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