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Abstract
As artificial intelligence (AI), including machine
learning (ML) models and foundation models
(FMs), are increasingly deployed in high-stakes
domains, ensuring their trustworthiness has be-
come a central challenge. However, the core
trustworthy AI objectives, such as fairness, ro-
bustness, privacy, and explainability, are hard to
achieve simultaneously, especially while preserv-
ing utility. This position paper argues that
causality is necessary to understand and bal-
ance trade-offs in performance and multiple
objectives of trustworthy AI. We ground our ar-
guments in re-interpreting trustworthy AI trade-
offs as incompatible invariance requirements un-
der different changes to the data-generating pro-
cess. We then illustrate that causality provides a
unifying framework for understanding how trade-
offs in trustworthy AI arise, and how they can
be softened or resolved through selective invari-
ance. This perspective applies to both classical
ML models and large-scale FMs. Our paper dis-
cusses how causal assumptions may be applied
explicitly or implicitly in modern large-scale sys-
tems. Finally, we outline open challenges and op-
portunities for using causality to build both trust-
worthy and high-performing AI.

1. Introduction
Machine learning (ML) models have driven remarkable ad-
vances in natural language processing, computer vision,
and decision-making, enabling large-scale deployment in
domains such as healthcare, finance, education, and social
media. More recently, foundation models (FMs), including
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large language models (LLMs) and vision language mod-
els (VLMs), have demonstrated unprecedented generality
across tasks (Achiam et al., 2023; Rohan et al., 2023; Rad-
ford et al., 2023). Given their influence, ensuring ethical
and trustworthy ML and FM systems has become a global
priority. Many international regulations and frameworks
(European Commission, 2021) seek to establish guidelines
for AI that would avoid harmful social impact. In this work,
we focus on four trustworthy dimensions - fairness, explain-
ability, robustness, and privacy protection - as well as their
relationship with model performance.

Trade-offs in trustworthy AI. The objectives in trust-
worthy AI1 are rarely independent. Improving one aspect
often comes at the expense of another, or model perfor-
mance. For example, privacy noise added to protect data
reduces model accuracy (Xu et al., 2017; Carvalho et al.,
2023). Similarly, achieving fairness frequently requires
sacrificing predictive performance or resolving conflicts be-
tween competing fairness notions, such as demographic
parity and equalized odds (Friedler et al., 2021; Kim et al.,
2020). Performance is also frequently traded off against
explainability, as complex deep models excel in accuracy
but are not comprehensible by humans (Crook et al., 2023).
Even fairness and privacy can conflict as the loss in per-
formance disproportionately hurts sensitive groups (Pujol
et al., 2020). Similarly, overfitting on spurious signals in
the data gives accuracy at the cost of robustness (Tsipras
et al., 2018). However, much of the machine learning re-
search and development has historically prioritized improv-
ing predictive accuracy and performance or treated these
trade-offs as empirical side effects.

Causality and trustworthy AI. Unlike correlation-
based approaches, causal models represent the mecha-
nisms that produce data, enabling selective invariance:
they allow models to be invariant to spurious pathways
while remaining sensitive to stable, causally meaningful
signals. Causal methods have already shown promise
in auditing and mitigating unfairness (Kim et al., 2021;

1Throughout the paper, we use AI as an umbrella term for
learning-based models, including both classical machine learning
models and foundation models.
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Figure 1. Causal resolution to trade-offs in trustworthy AI. See Appendix A for the details.

Kilbertus et al., 2017; Loftus et al., 2018) and in improving
robustness under distribution shift (Schölkopf et al., 2022).
In addition, recent theoretical results show that under
certain conditions robustness implies causality (Richens
& Everitt, 2024). While the connection between causality
and privacy is still less explored, early work indicates that
causal structure can improve privacy–utility trade-offs
(Tschantz et al., 2020; Tople et al., 2020). Finally, explain-
ability is inherently aligned with causality, as explanations
are naturally expressed in terms of interventions and
counterfactuals. However, despite recognition of causal
solutions to individual challenges of trustworthy AI (Liu
et al., 2023; Rawal et al., 2025; Ganguly et al., 2023), its
role in reconciling the trade-offs between multiple goals
and model performance remains underexplored.

Position. In this paper, we argue that the trade-offs in trust-
worthy AI are not incidental, but arise from incompatible
invariance requirements imposed by individual trustworthy
AI objectives. Robustness demands stability under distri-
butional shifts; fairness demands stability when protected
attributes or group membership change; privacy demands
stability when individual data points are added or removed;
and explainability demands stable attribution of changes
under feasible actions. At their core, trustworthy AI ob-
jectives can be reformulated as demands that a model’s be-
havior remains stable under changes. When different trust
objectives demand stability under different and potentially
conflicting sets of changes, trade-offs become unavoidable.
For instance, accuracy under the observational distribution
may rely on correlations that are unstable under interven-
tions on the sensitive attributes or environmental variables,
while fairness and robustness explicitly demand invariance
to such interventions. Based on the above, we position
causality as a unifying framework for understanding
how trade-offs in trustworthy AI arise, and how they

can be softened or resolved.

When causality is necessary? Not all invariance require-
ments immediately necessitate causal reasoning. If a single
trust objective is considered in isolation and the admissi-
ble changes are limited, purely statistical methods may suf-
fice to enforce invariance. For example, a classifier can
be trained to satisfy independence between the sensitive
attribute and the outcome on a fixed dataset, or to be ro-
bust to a specific, observed form of covariate shift, without
any explicit causal model. However, this breaks down as
soon as additional objectives or accuracy constraints are
imposed. When multiple invariances must hold simulta-
neously, it becomes necessary to distinguish which depen-
dencies are spurious and which reflect stable mechanisms.
This distinction cannot, in general, be made from observa-
tional data alone. Importantly, this necessity is agnostic to
model class. It applies equally to classical machine learn-
ing models and to large-scale foundation models. The dis-
tinction lies not in whether causal reasoning is needed, but
in how causal assumptions are encoded and operationalized
at scale.

How causality resolves the trade-offs in trustworthy AI?
Causal reasoning is therefore required, not merely to en-
force a single constraint, but to reason about which invari-
ances can coexist, which must conflict, and how trade-offs
can be selectively navigated. More precisely, causality al-
lows:
(i) Selective invariance through structural constraints.
Causal graph clarifies pathways that are subject to invari-
ance requirements, allowing constraints to be enforced se-
lectively rather than uniformly. This enables the suppres-
sion of normatively unacceptable effects (e.g., direct or
proxy discrimination) while preserving causally justified
signal, which is impossible under purely associational cri-
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teria.
(ii) Shift focus from observational accuracy to interven-
tional validity. Causal reasoning distinguishes correlations
that merely predict outcomes from causal mechanisms and
reduces overfitting to spurious correlations. This resolves
the tension between predictive accuracy and trustworthy
objectives by shifting the optimization target from perfor-
mance under the observational distribution to correctness
under interventions.

We provide a schematic illustration of causal approach to
trustworthy AI in Figure 1.

Paper map and contributions. We reinterpret trustwor-
thy AI literature to illustrate how trustworthy AI objectives
translate into competing invariance requirements under in-
terventions. We then show how causal structure enables
principled resolution of these conflicts and discuss how
causality can be encoded in both classical ML systems and
foundation models. We discuss the conceptual and practi-
cal limitations of resolving trustworthy AI trade-offs using
a causal approach. Finally, we draw future directions and
call for actions necessary to overcome these limitations.

Our contributions are the following: 1.) We reinterpret ma-
jor trade-offs in trustworthy AI through a conflicting invari-
ance requirements lens; 2.) We formulate when causal rea-
soning is necessary and how it resolves or softens trade-offs
in trustworthy AI.

2. Background and Preliminaries
We introduce the core dimensions of trustworthy AI, em-
phasizing formal characterizations that are relevant for un-
derstanding trade-offs and motivating causal reasoning.

2.1. Interventions and Invariance

Let D denote the observational data distribution over
(X,Y ), and let {DI}I∈I denotes a family of distributions
obtained by applying a set of admissible changes I to the
data-generating process. These changes may correspond to
modifications of inputs, environments, data collection pro-
cedures, population characteristics, or other aspects of the
data-generating process. A model is said to satisfy an in-
variance requirement with respect to a set of admissible
changes I if its behavior or performance remains stable
across the corresponding distributions {DI}I∈I .

2.2. Trustworthy ML Objectives

We now instantiate the invariance principle defined above
for common trust dimensions. Consider a supervised learn-
ing setting with observed features X ∈ X , a target variable
Y ∈ Y , and a learned predictor f : X → Ŷ . Each trust ob-

jective corresponds to requiring f to satisfy an invariance
requirement with respect to a specific class of admissible
changes.

Fairness (invariance to protected attributes). Let
A ∈ A denote a sensitive or protected attribute. Fairness
requires that the behavior of f remain invariant under
admissible changes to A, either in distribution (e.g.,
Demographic parity) or conditional on Y (e.g., Equalized
odds).

Privacy (invariance to data inclusion). Let D denote a
training dataset and let D′ be a neighboring dataset that
differs from D in a single individual. Privacy requires
that the behavior of a randomized mechanism M remain
approximately invariant under the admissible change
D → D′. In other words, the output distribution of M(D)
should be stable with respect to the inclusion, removal, or
modification of any single data point.

Robustness (invariance to distribution shifts). Let
{De}e∈E denote a family of distributions indexed by
environments e. Robustness requires that the behavior
or performance of a model remain invariant across these
environments. Formally, this is captured by bounded loss
across the family {De}e∈E , where each e may correspond
to a shift in population, measurement process, or data-
generating mechanism.

Explainability (selective invariance under changes). Let
Irel and Iirr denote sets of admissible relevant and irrelevant
changes to the input or context, respectively. Explainability
concerns the ability to understand and justify a models pre-
dictions through how they respond to these changes. From
the invariance perspective, f(X) should be invariant un-
der changes in Iirr, and responsive under changes in Irel in
a predictable and meaningful way. This definition equally
applies to modern interpretability methods.

2.3. Accuracy

Accuracy measures predictive performance under the ob-
servational distribution D, typically via the expected loss
E(X,Y )∼D[ℓ(f(X), Y )]. In practice, accuracy often con-
flicts with invariance-based trust requirements, giving rise
to the trade-offs studied in this work.

2.4. Interventional Accuracy

Interventional accuracy measures predictive performance
under the interventional distribution DI , and can be ex-
pressed as the expected loss E(X,Y )∼DI [ℓ(f(X), Y )]. In
contrast to observational accuracy, which rewards correla-
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tions that hold in the training environment, interventional
accuracy prioritizes predictors whose performance is stable
across the family of interventions.

2.5. Causality

Purely associational learning methods operate on the ob-
servational distribution D and are sufficient for answering
queries of the form P (Y | X). However, many trust-
worthy ML objectives require reasoning about how pre-
dictions would change under hypothetical or interventional
modifications to the data-generating process. To formal-
ize such changes, we adopt Pearls structural causal frame-
work (Pearl, 2009).

Central to Pearl’s framework, an SCM consists of a set of
endogenous variables V , exogenous variables U , and struc-
tural equations F that determine how each variable in V is
generated from its parents and noise. This structure is sum-
marized by a causal graph G = (V, E), which is a directed
acyclic graph (DAG) where E is a set of edges connecting
the nodes V .

Given a causal graph G, a causal path from a variable X
to a variable Y is any directed sequence of edges in G that
begins at X and ends at Y . Causal paths characterize how
the effect of one variable on another is transmitted through
intermediate variables, and provide a decomposition of the
total causal effect into distinct mechanistic components.

3. Trade-offs as Invariance Conflicts

In this section, we build on concrete examples and rein-
terpret well-known results from the literature to show that
many trade-offs in trustworthy AI arise from fundamentally
incompatible invariance requirements imposed by different
objectives. We then highlight how causal reasoning pro-
vides a principled way to diagnose and soften or resolve
these conflicts.

3.1. Fairness–Accuracy Trade-off

Statistical origin of the trade-off. Predictive accuracy
under the observational distribution D often relies on corre-
lations between features and sensitive attributes A. When
these correlations are predictive, suppressing them to sat-
isfy fairness constraints can reduce accuracy. This phe-
nomenon is well documented across fairness-aware ML
learning methods (Zliobaite, 2015; Zhao & Gordon, 2022).
Similarly, in generative models, careless fairness interven-
tions can backfire; for instance, efforts to enhance diversity
have led to historically inaccurate outputs, as seen in cri-
tiques of Google’s Gemini (Vincent, 2024).

Invariance conflict. Many fairness notions can be ex-
pressed as invariance requirements under interventions on
A. For instance, Demographic parity can be interpreted as
requiring invariance of the decision distribution f(X) for
all values of A. In contrast, maximizing accuracy under D
encourages sensitivity to any predictive signal, including
those downstream of A.

This creates a conflict between fairness and accuracy goals.
Without distinguishing normatively unacceptable pathways
from causally justified ones, these requirements are incom-
patible.

Causal resolution. Causal models distinguish between
admissible and inadmissible causal pathways from A to
Y (Chiappa, 2019). By explicitly modeling the data-
generating process, causal reasoning enables selective in-
variance: suppressing only those paths deemed unfair (e.g.,
direct or proxy discrimination), while preserving legitimate
causal effects (e.g., through explaining variables, such as
gender dependent disease risks).

This logic applies across model classes. In classical ML,
causal constraints operate on input features and represen-
tations. In foundation models, the same causal pathways
are encoded implicitly in embeddings, attention patterns, or
generation dynamics. Causal interventions, such as coun-
terfactual data augmentation, causal disentanglement, or
SCM-based regularization, can mitigate biased generative
behavior while preserving task-relevant predictive struc-
ture (Zhou et al., 2023; Madhavan et al., 2023). Entity
substitutions can selectively block unfair or spurious causal
paths while preserving task-relevant information, illustrat-
ing how causal intervention softens the fairness-accuracy
trade-off (Wang et al., 2023).

3.2. Privacy–Utility (and Attribution)

Statistical origin of the trade-off. Privacy-preserving
mechanisms such as differential privacy reduce the influ-
ence of individual data points or sensitive attributes on
model outputs by introducing privacy noise. While this lim-
its information leakage, it also degrades utility by attenuat-
ing informative signals. In large-scale generative models,
privacy risks additionally arise through memorization and
indirect reproduction of personally identifiable information,
further intensifying the tension between privacy and model
usefulness (Xu et al., 2017).

Invariance conflict. Privacy requires invariance to inter-
ventions on private or individual-level variables, such that
small changes to sensitive information do not substantially
affect outputs. Utility, in contrast, requires sensitivity
to variables and pathways that encode task-relevant
information. In foundation models, this conflict extends
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to attribution: models must be insensitive to whether a
specific individuals data is present in the training set, while
remaining sensitive to generalizable patterns.

Causal resolution. Causal models mitigate the privacy–
utility trade-off by reducing reliance on spurious correla-
tions that lead to overfitting and memorization, which are
primary drivers of re-identification and membership infer-
ence attacks. By aligning learning with stable causal mech-
anisms, such models are less susceptible to privacy attacks
that exploit dataset-specific artifacts. In particular, Tople
et al. (Tople et al., 2020) show that causal models provide
stronger defenses against membership inference attacks
while requiring a smaller privacy budget ϵ under differen-
tial privacy, thereby achieving comparable privacy guaran-
tees with less degradation in utility.

In addition, explicitly modeling how private attributes prop-
agate through the system, causal structure makes it possible
to suppress only privacy-sensitive effects while preserving
non- sensitive causal relationships. We highlight this form
of targeted causal obfuscation as a promising design direc-
tion that can lower the impact of data obfuscation on per-
formance. Similarly, in foundation models, causal audit-
ing can enable principled attribution by distinguishing data
memorization from incidental stylistic similarity (Sharkey
et al., 2024).

3.3. Robustness–Accuracy

Statistical origin of the trade-off. High predictive ac-
curacy under a fixed training distribution often relies on
shortcut correlations that are specific to that environment.
When deployment conditions change, these correlations
may break, leading to degraded performance. Methods that
improve robustness by discouraging such shortcuts often re-
duce in-distribution accuracy.

Invariance conflict. Robustness requires invariance
across a family of environments, which can be formalized
as distributions related by interventions on latent or
observed environmental variables. Accuracy under the
observational distribution, however, rewards sensitivity to
all predictive correlations, including those that are unstable
under such interventions.

Causal resolution. Causal reasoning resolves this con-
flict by distinguishing invariant causal mechanisms from
spurious associations. Features that are causal parents of
the target remain predictive under interventions, while non-
causal shortcuts do not. In this way, causal reasoning shifts
focus to interventional accuracy and provides a principled
way to prioritize stable features.

In foundation models, shortcut correlations are often en-

coded implicitly in learned representations. Causal in-
variance and regularization techniques can reduce reliance
on unstable patterns while preserving task-relevant struc-
ture (Zhou et al., 2023). Moreover, recent theoretical re-
sults show that agents robust across environments must
implicitly learn causal world models (Richens & Everitt,
2024), further highlighting the link between robustness and
causality.

3.4. Explainability–Performance

Statistical origin of the trade-off. Highly expressive
models often achieve strong performance by exploiting
complex, distributed correlations that are difficult for hu-
mans to interpret. As a result, improvements in predic-
tive capability frequently come at the cost of interpretabil-
ity and explainability (London, 2019; van der Veer et al.,
2021).

Invariance conflict. Explainability requires stability of
model behavior under interventions on semantically mean-
ingful variables, enabling counterfactual reasoning about
why a prediction was made. Performance-oriented models,
in contrast, may rely on opaque correlations that change
unpredictably under such interventions.

Causal resolution. Causal models address this tension
by explicitly representing how inputs influence outputs
through causal mechanisms, enabling counterfactual expla-
nations and actionable recourse (Wachter et al., 2017).

In foundation models, causal structure can be probed
within internal components such as embeddings, atten-
tion heads, and logits. Methods for causal path analy-
sis and intervention-based probing enable step-by-step ex-
planations of generative behavior (Bagheri et al., 2024;
Conmy et al., 2023). In addition, the causal approach in
mechanistic interpretability provides a principled way to
faithfully translate complex generative processes to human-
understandable abstractions (Geiger et al., 2024).

3.5. Towards Multi-Objective Trade-Off Resolution

Origins of multi-objective trade-offs. The preceding
sections show that many trade-offs between fairness, pri-
vacy, robustness, and accuracy or model performance arise
when invariance constraints are enforced uniformly over all
statistical dependencies. In addition, privacy mechanisms
often worsen fairness for minority groups. When obfusca-
tion is applied uniformly, the signal-to-noise ratio of under-
represented populations collapses first, because their causal
pathways are already weakly supported by data. This cre-
ates a fairness-privacy trade-off. Similarly, data obfusca-
tion obscures the relationships between predictive variables
and the outcome, thus creating a privacy-explainability
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trade-off.

Towards causal resolution. We argue that the causal ap-
proach leads to the improvement of multi-objective trade-
offs in trustworthy AI, or, in other words, allows to improve
multiple dimensions simultaneously. First, by decompos-
ing total effects into causal pathways, causal models allow
invariance requirements to be targeted rather than global.
For example, privacy can be enforced only on paths that
transmit individual identifying information. Second, causal
models are inherently explainable, robust, and require less
privacy noise for preventing leakage of sensitive informa-
tion (Tople et al., 2020). As a result, they should better
preserve global accuracy as well as accuracy for sensitive
and underrepresented groups. Finally, in algorithmic re-
course, achieving fairness and robustness under counterfac-
tual changes requires a causal structure to specify which
interventions are feasible and admissible (Karimi et al.,
2021). This makes causality a favorable design principle
for future trustworthy AI systems and motivates systematic
study of how these dimensions interact and can be recon-
ciled through causal modeling.

4. Integrating Causality into ML and
Foundation Models

In this section, we discuss how causality can be encoded
in learning systems, spanning both classical ML models
and modern foundation models (FMs). We focus on the
high-level principles relevant to the feasibility of the causal
approach. For a detailed overview of the methods see Ap-
pendix B.

4.1. Defining Explicit And Implicit Causal Integration

Causal assumptions can be incorporated into learning sys-
tems either explicitly, through structural representations, or
implicitly, through inductive biases and training regimes
that encourage causal behavior (Rawal et al., 2025). Based
on this distinction, we define Explicit and Implicit ap-
proaches to causality in ML and FMs.

Explicit causal integration. Explicit approaches repre-
sent causal structure directly, typically via structural causal
models (SCMs), causal graphs, or path-specific constraints,
and learning objectives are defined to satisfy causal proper-
ties under specified interventions.

Formally, given a causal graph G, a model fθ is trained to
satisfy invariance or sensitivity constraints derived from G.

The primary strength of explicit causal integration lies in
its transparency and auditability: causal constraints are in-
terpretable, and violations can be traced to specific vari-
ables or pathways. This makes explicit approaches particu-

larly well-suited to high-stakes settings where trade-offs be-
tween fairness, privacy, robustness, and explainability must
be justified and inspected. By distinguishing spurious, as
well as admissible or inadmissible causal effects, explicit
models allow selective invariance-preserving task-relevant
mechanisms while suppressing normatively unacceptable
ones.

Implicit causal integration. Implicit approaches do not
represent explicit causal structure, but instead encourage
models to behave causally through training objectives, data
diversity, sparsity, or environmental interaction.

Formally, models are trained to satisfy causal properties
without explicitly encoding the causal graph G, but rather
a set of constraints C, e.g., sparsity.

Implicit causal integration, by contrast, offers flexibility. It
allows models to approximate causal behavior through in-
ductive biases, multi-environment data, or counterfactual
data augmentation, even when causal structure is incom-
plete or unknown. While they offer weaker formal guaran-
tees, they can still soften trade-offs in practice by discour-
aging reliance on unstable, unethical, or spurious correla-
tions.

Resolving trade-offs. From the perspective of trustwor-
thy AI trade-offs, explicit and implicit causal integration
tend to be effective in different regimes. Explicit ap-
proaches are particularly well-suited to objectives that re-
quire normative judgments about which causal pathways
are admissible, such as explainable vs. proxy discrimina-
tion paths in fairness. Implicit approaches, by contrast, are
often more effective for trade-offs driven by spurious cor-
relations or distributional instability, such as robustness or
privacy-utility trade-offs, especially in high-dimensional or
large-scale settings where full causal structure is unavail-
able. In practice, many systems combine both modes, using
explicit causal constraints to target specific effects while re-
lying on implicit mechanisms to scale causal behavior more
broadly.

Integration into AI. The necessity of causality does not
depend on model scale. The key distinction lies in how
these assumptions are integrated. In smaller or more
structured ML models, causal integration is often explicit:
causal assumptions can be embedded directly into the
model class or training objective, for example, by enforc-
ing consistency with a specified causal graph during learn-
ing (Berrevoets et al., 2024). Such explicit integration en-
ables strong, transparent causal guarantees, but relies on
the availability of reliable causal structure.

Foundation models, by contrast, rely predominantly on im-
plicit causal integration. Their scale, opacity, and fixed
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pre-training pipelines make global explicit causal spec-
ification impractical. Instead, causal assumptions are
encoded indirectly through data curation, representation
learning, inductive biases, and post-training objectives that
encourage invariant behavior without explicitly represent-
ing causal structure. This reliance on implicit mechanisms
is not unique to foundation modelslarge neural models in
classical ML settings also employ sparsity constraints or
counterfactual data augmentation to induce causal behav-
ior (Burgess et al., 2018; Kim et al., 2021; Kaddour et al.,
2022)but it becomes the dominant mode at scale.

Nevertheless, recent work demonstrates that explicit causal
structure can still be leveraged in foundation models in
a targeted or partial manner, for example, through SCM-
guided entity interventions or causal regularization applied
to specific components or behaviors (Wang et al., 2023;
Madhavan et al., 2023). This suggests that effective causal
integration in foundation models often takes a hybrid form,
combining implicit causal learning at scale with local-
ized explicit constraints where interpretability or normative
guarantees are required.

4.2. Application to Foundational Models

For FMs, causal integration is best understood as a lifecycle
process, with different leverage points at pre-training, post-
training, or auditing. Importantly, these stages differ not
only in when causal assumptions are introduced, but also
in what causal object is being manipulated.

During pre-training, causal priors are introduced by inter-
vening on the data-generating process or the representation
space before task-specific objectives are defined. This in-
cludes counterfactual data generation and causal represen-
tation learning methods that aim to disentangle underlying
generative factors (Rajendran et al., 2024; Jiang et al., 2024;
Chen et al., 2022). At this stage, causality operates pri-
marily at the distributional level: interventions reshape the
joint data distribution so that invariant mechanisms become
statistically identifiable, while spurious correlations are at-
tenuated. Pre-training, therefore, offers a natural opportu-
nity to encode broad structural assumptions that generalize
across downstream tasks.

At the post-training and alignment stage, causal assump-
tions are enforced through fine-tuning, regularization, or
alignment objectives that operate directly on model behav-
ior (Xia et al., 2024). Rather than modifying the training
distribution, constraints are expressed as requirements on
how model outputs should respond to counterfactual per-
turbations. This makes post-training the primary locus for
enforcing trustworthy AI objectives in foundation models.
Fairness, or robustness constraints, can be implemented as
invariance or sensitivity conditions on outputs, even when
the causal structure was not explicitly modeled during pre-

training.

Finally, during the auditing and interpretability phase,
causal reasoning can be applied retrospectively, even
when no causal constraints were imposed during training.
Intervention-based probing, activation patching, and mech-
anistic interpretability methods enable estimation of the
causal influence of internal components on model behavior,
supporting auditing and explanation (Kissane et al., 2024;
Conmy et al., 2023; Syed et al., 2023). These approaches al-
low practitioners to assess whether learned representations
and internal circuits satisfy desired invariance properties,
and to diagnose failure modes related to fairness, robust-
ness, or spurious correlations without modifying the train-
ing pipeline.

5. Challenges and Opportunities
Despite the advantages of a causal approach, practical ap-
plications face fundamental limitations that arise from the
same design choices that enable causal integration. In par-
ticular, trade-offs between explicit and implicit represen-
tations, between early and late intervention in the model
lifecycle limits what guarantees can be achieved in prac-
tice. These limitations are amplified in foundation models
due to their scale, opacity, and decoupled training pipelines.
We outline key conceptual and practical obstacles and cor-
responding opportunities for navigating this design space.

5.1. Conceptual Challenges

Potentially unresolvable tensions. Not all tensions in
trustworthy AI can always be fully resolved. For in-
stance, stronger privacy protections often reduce model util-
ity (Dwork et al., 2014; Bassily et al., 2014). We also ac-
knowledge that some fairness conflicts stem from deeper
normative or value-based disagreements; for example, a
causal relationship may exist, but relying on it in decision-
making may still be viewed as unfair from an ethical or
legal standpoint. In these cases, causality does not elim-
inate trade-offs; however, it makes their structural origin
explicit, shifting the debate from engineering heuristics to
transparent normative choices.

Concept superposition. Foundation models suffer from
concept superposition, namely, multiple meanings are en-
tangled within a single representation, complicating causal
reasoning (Elhage et al., 2022). This limits the granular-
ity at which causal interventions can be applied, shifting
causal control toward behavior-level constraints.

5.2. Implementation Challenges

Assumptions and identifiability. The main limitation of
explicit causal integration is its reliance on accurate or par-
tially specified causal knowledge, particularly in the form

7



Position: Trustworthy AI Suffers from Invariance Conflicts and Causality is the Solution

of DAGs. Misspecified graphs or incorrect structural as-
sumptions can lead to incorrect invariances or unintended
behavior. Expert-constructed DAGs may suffer from sub-
jectivity and scalability issues, while ML-based causal dis-
covery is constrained by identifiability assumptions and
noise sensitivity. However, recent hybrid approaches com-
bining classical causal discovery with LLM-based reason-
ing offer promising solutions (Afonja et al., 2024). In addi-
tion, approximate causal interventions are possible with a
partial causal graph (Zuo et al., 2022).

Implicit approaches make weaker structural assumptions,
but they are not assumption-free. They rely on proper-
ties such as environmental diversity, intervention coverage,
or stability of causal mechanisms across domains. When
these conditions fail, e.g., when all training environments
share the same confounding structure, implicit methods
may converge to spurious but stable correlations.

Scaling. Explicit causal approaches scale poorly with the
complexity of the causal structure, rather than with model
size alone. As the number of variables, dependencies, or
latent confounders grows, specifying and enforcing global
causal constraints becomes difficult. In practice, explicit
methods are therefore often applied locally or partially, for
example, by constraining specific pathways relevant to fair-
ness (Wang et al., 2023). Hybrid strategies that combine
partial causal structure with implicit learning objectives
offer a practical compromise between interpretability and
scalability. Implicit approaches, by contrast, scale naturally
with model and data size, as they rely on data augmentation,
representation learning, and objective design rather than ex-
plicit symbolic causal structure.

Evaluation and benchmarking. Evaluating causal inte-
gration remains challenging due to the lack of standardized
benchmarks that reflect interventional objectives. Most
existing evaluations rely on observational performance,
which may obscure failures under interventions. Devel-
oping benchmarks and evaluation protocols aligned with
causal invariance requirements is, therefore, a critical op-
portunity for advancing trustworthy AI.

Lack of high-quality causal data. Applying causal inte-
gration at the pre-training phase requires high-quality inter-
ventional data, which are scarce and expensive to produce.
Scalable methods for generating synthetic causal datasets
show a promising direction (Webster et al., 2020; Chen
et al., 2022). Alternatively, focusing on post-training meth-
ods allows causal interventions in a more data-efficient
way.

Computational complexity. Integrating causal reasoning
into large models introduces additional computational over-
head, for example, through counterfactual evaluation or
causal regularization during training. Parameter-efficient

adaptation methods such as LoRA reduce this burden by re-
stricting updates to low-rank subspaces, enabling efficient
causal fine-tuning without modifying the full parameter
set (Hu et al., 2021).

6. Alternative Views
Symbolic AI leverages prior knowledge through logic rules,
ontologies, and formal representations, supporting struc-
tured reasoning, explainability, and generalization from
small data (Díaz-Rodríguez et al., 2022). It can also help
navigate trade-offs, for example, between accuracy and in-
teroperability, by making the reasoning process more trans-
parent and controllable. While both symbolic AI and causal
reasoning rely on prior assumptions, causality uniquely
enables reasoning about interventions and counterfactuals.
Unlike symbolic systems that model static relationships,
causal models capture how changes in one variable affect
others - an essential feature in domains like fairness and pol-
icy evaluation. A dominant alternative position advocates
for improving model performance by scaling, and deems
causal approaches as impractical. Our goal therefore, is to
illustrate that implicit, explicit, or hybrid causal guidance
can provide feasible, data-efficient methods for both per-
formant and trustworthy AI models.

7. Conclusion and Call for Action
We demonstrate that causal models offer a principled ap-
proach to trustworthy AI by disentangling conflicting in-
variance requirements and shifting attention from obser-
vational to interventional accuracy. Hence, the causal ap-
proach creates models that are not only ethically sound but
also practically effective. We further discuss practical ways
to apply causality to AI by distinguishing explicit and im-
plicit design. To further advance the application of causal-
ity for trustworthy AI, we call for the following actions
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3 Redefine trustworthy AI as a multi-objective optimization,
rather than as a collection of competing constraints. This re-
quires establishing evaluation frameworks and benchmarks
that jointly measure objectives of trustworthy AI, explicitly
quantifying the trade-offs between them via multi-objective
evaluation metrics.

3 Leverage Causality to Resolve or Soften Trade-offs:
Where possible, integrate causal reasoning to disentangle
competing objectives and mitigate conflicts.

3 Develop Scalable Methods for Causal Data Integration:
Encourage the development of algorithms and pipelines to
integrate causal knowledge into foundation models at scale.

3 Create and Share High-Quality Causal Datasets: Foster
initiatives to curate, annotate, and share datasets with
explicit causal annotations or interventional information.

Impact statement
This paper advances a causal perspective on trustworthy
foundation models by framing fairness, privacy, robustness,
and explainability as competing invariance requirements
under interventions. Rather than treating trade-offs be-
tween these objectives as incidental, our analysis clarifies
when they are structurally unavoidable and when they can
be softened through selective causal invariance. By making
the assumptions underlying these trade-offs explicit, the
proposed framework supports more transparent, account-
able, and principled design of learning-based AI systems,
particularly in high-stakes domains such as healthcare, law,
and finance.
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A. Motivating Example
Consider a model trained to predict whether a patient will be readmitted within 30 days after discharge. The model
uses patient information such as age and laboratory measurements, and is deployed across multiple hospitals. Although
age is statistically correlated with readmission risk, it should not influence decisions directly, or indirectly through proxy
variables, such as insurance type, which introduce bias and discrimination. Age may affect the prediction only through
legitimate clinical signals, such as lab results. In addition, hospitals differ in medical devices, data logging systems,
and discharge policies, which induces environment-dependent variation in the observed data. Some of this variation is
purely spurious, reflecting measurement artifacts, such as image frames, while other differences reflect real domain-specific
mechanisms, such as internal policies. Moreover, patient attributes are sensitive and must be protected, motivating privacy-
preserving learning. However, privacy mechanisms often degrade performance by injecting noise. This example illustrates
the fundamental challenge of building models that are simultaneously fair, robust to domain shifts, privacy-preserving, and
explainable.

Causal model. We consider a structural causal model (SCM) with observed variables A (protected attribute - age), E
(environment or domain - hospital), X (legitimate observed features), Z (proxy feature - insurance type), and Y (target
label - hospital readmission). The causal graph encodes the following relations: A → X → Y (legitimate path based on lab
tests and vitals), A → Z → Y (proxy-based discriminatory path based on insurance type), A → Y (direct discrimination
based on age) E → X (environment-dependent spurious measurement artifacts, such as image frames), and E → Y
(domain-dependent outcome mechanism, such as hospital policies).

Fairness. We define fairness as the removal of all unfair causal effects of the protected attribute A on the target Y . This
is achieved by blocking the causal paths A → Z → Y and A → Y , thereby eliminating both direct and proxy-mediated
discriminatory influence. The remaining path A → X → Y represents legitimate influence through task-relevant features.

Robustness. We distinguish between spurious and contextual environment effects. Spurious environment effects corre-
spond to measurement artifacts, modeled by the path E → X → Y . We block this path to prevent the predictor from
exploiting non-semantic, environment-induced variation. At the same time, we explicitly model the contextual effect
E → Y , which captures genuine domain-dependent mechanisms (e.g., policy differences). Thus, robustness is achieved
by enforcing invariance to spurious environment-induced shifts while conditioning on domain context.

Privacy. Focusing on causal features and discarding spurious correlations, the resulting models are less prone to over-
fitting and exhibit improved robustness to adversarial perturbations. This allows strong privacy guarantees with reduced
noise and impact on predictive performance. Moreover, targeted and path specific obfuscation is possible.

Explainability. The proposed framework is explainable by design, since predictions correspond to explicit causal path-
ways in the underlying causal graph.

In conclusion, this unified causal perspective enables resolving or softening the trade-offs and achieving accurate, robust,
fair, private and explainable models.

B. Methods
B.1. Integrating Causality into ML

Integrating causality into ML allows models to move beyond surface-level patterns and capture the underlying mecha-
nisms that generate data. This section introduces methods for incorporating causal knowledge into ML models, as well as
techniques for using ML to discover causal relationships from data.

Causally Constrained ML (CCML). CCML refers to approaches that explicitly incorporate causal relationships into
model training or inference as constraints or guiding principles. Given a causal graph G = (V,E), where V represents
variables and E denotes directed edges encoding causal relationships, the goal is to ensure that the learned model f : X →
Y adheres to the causal structure encoded in G (Berrevoets et al., 2024; Zinati et al., 2024; Afonja et al., 2024; Schölkopf
et al., 2016).

Invariant feature learning (IFL). IFL relies on discovered implicit or latent causal features and structures. The task of
Invariant Feature Learning (IFL) is to identify features of the data X that are predictive of the target Y across a range of
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environments E . From a causal perspective, the causal parents Pa(Y ) are always predictive of Y under any interventional
distribution (Kaddour et al., 2022). IFL can be achieved by regularizing the model or providing causal training data that is
free of confounding.

Disentangled VAEs. VAEs aim to decompose the data X into disentangled latent factors Z that correspond to distinct
underlying generative causes, especially when trained with causal constraints or interventional data (Burgess et al., 2018;
Kim et al., 2021). This aligns with causal reasoning, as each latent dimension can be interpreted as an independent causal
factor influencing the observed data.

Double Machine Learning (DML). DML provides another causal approach by leveraging modern ML techniques for es-
timating high-dimensional nuisance parameters while preserving statistical guarantees in causal inference (Chernozhukov
et al., 2018). DML decomposes the estimation problem into two stages: (1) predicting confounders using ML models and
(2) estimating the causal effect using residualized outcomes.

Causal Discovery. Finally, ML can be leveraged for causal inference or to discover causal knowledge from observational
data. For instance, methods for causal discovery use conditional independence, score, or noise asymmetry-based meth-
ods, to infer causal relationships, with notable examples including (Spirtes et al., 2000; Shimizu et al., 2006; Janzing &
Schölkopf, 2010; Peters et al., 2011; Hauser & Bühlmann, 2012; Le et al., 2016). More recent methods leverage Deep
Neural Networks (DNNs) in combination for causal discovery (Nauta et al., 2019; Bi et al., 2023; Goudet et al., 2017).

Summary and Use Cases.

The methods presented above represent a spectrum of causal integration strategies in ML. CCML requires explicit or semi-
explicit causal structures, offering high interpretability but often demanding strong prior knowledge. However, explicit
causal guardrails are beneficial for high-stakes applications requiring clear accountability. In contrast, IFL, DML, and Dis-
entangled VAEs operate with weaker structural assumptions and are well-suited for settings with limited causal annotations
as well as exploratory tasks or scalable representation learning in unstructured data. Causal Discovery lies at the other end
of the spectrum, aiming to uncover causal relationships from data alone. Combining methodsfor example, using causal
discovery to inform CCML also help balance rigor and practicality.

B.2. Integrating Causality in Foundation Models

This section delves into practical applications of causality in FMs across three key stages: pre-training, post-training, and
auditing. We conclude with a discussion of the practical advantages and limitations of the proposed approaches.

Causal Representation Learning. By disentangling causal factors from non-causal ones, models can learn representations
that separate meaningful causal features from irrelevant associations. Techniques such as causal embedding methods (Ra-
jendran et al., 2024; Jiang et al., 2024), use training data annotated with causal labels. This has been shown to reduce
reliance on spurious correlations, such as gender-biased occupational associations (Zhou et al., 2023). Fine-tuning models
on embeddings pre-trained with debiased token representations has shown promise for causal learning (Kaneko & Bolle-
gala, 2021; Guo et al., 2022; He et al., 2022; Wang et al., 2023).

Entity interventions. SCMs can be used to determine interventions on specific entities (e.g., replacing “Joe Biden" with
“ENTITY-A") during pre-training (Wang et al., 2023), thus reducing entity-based spurious associations while preserving
causal relationships in the data.

Counterfactual Data Augmentation. Synthetic datasets with explicit causal structures or counterfactual examples, that
introduce scenarios where causal relationships differ from spurious correlations, help models learn true causal dependencies
instead of misleading patterns (Webster et al., 2020; Chen et al., 2022). Synthetic causal data can also be used for fine-
tuning the models, similar to pre-training, but with better sample size efficiency. Frameworks like DISCO (Chen et al.,
2022) generate diverse counterfactuals during fine-tuning to enhance OOD generalization for downstream tasks.

SCM-based Methods. Causally Fair Language Models (CFL) (Madhavan et al., 2023) use SCM-based regularization
to detoxify outputs or enforce demographically neutral generation during post-training. Wang & Culotta (2020) use
causal reasoning to separate genuine from spurious correlations by computing controlled direct effects, ensuring robust
performance.

Causal RLHF Alignement. RLHF can be adapted to include causal interventions, allowing feedback to act as instru-
mental variables that correct biased model behavior. Causality-Aware Alignment (Xia et al., 2024) incorporates causal
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interventions to reduce demographic stereotypes during fine-tuning with alignment objectives. Extending RLHF with
causal alignment to support dynamic, context-sensitive interventions could help address biases that evolve. Integrating
causal reasoning into the reward model’s decision-making process, by critiquing the output of LLM using a reward model
or a mixture of reward models that control for specific confounders or spurious correlations, can potentially improve the
downstream reasoning abilities, potentially mitigating hallucinations.

Latent Representation Discovery. Recent work in mechanistic interpretability has employed sparse autoencoders to
extract interpretable latent representations aligned with internal circuit features (Kissane et al., 2024; Conmy et al., 2023).
These methods enable the identification of functional substructures within models by isolating meaningful directions in
activation space.

Targeted Interrogation Methods. Techniques based on interventions, such as ablation, activation patching, or causal
scrubbing, allow us to move beyond passive observation by directly testing the functional roles of model compo-
nents (Brinkmann et al., 2024; Syed et al., 2023). These methods provide a powerful framework for identifying how
specific neurons or pathways contribute to behavior, enabling rigorous, theory-driven interpretability.

Causal Discovery. The recent advancements in large language models (LLMs) have inspired their use in causal discov-
ery (Kıcıman et al., 2023; Kasetty et al., 2024; Vashishtha et al., 2023; AI4Science & Quantum, 2023; Abdulaal et al.,
2023; Khatibi et al., 2024). Most of the above methods involve the refinement of the statistically inferred causal graph by
LLM. However, emerging research shows that LLMs can be useful in constructing full causal graphs based on parametric
knowledge of scientific literature in diverse domains (Sheth et al., 2024; Afonja et al., 2024).

Summary and Use Cases.

These methods span both causal inference and integration. Causal data augmentation, representation learning, and entity
interventions are methods used in pretraining, where broad structural priors can be encoded. In contrast, causal fine-tuning,
alignment, and auditing are post-training methods requiring less causally annotated data, but more explicit goals and causal
structures. Latent representation discovery and targeted interrogation methods stand out as a retrospective techniques
that can help to assess fairness, privacy, and robustness without modifying the training pipeline. Causal discovery can
support both pre- and post-training by informing model design or evaluating learned representations. Selecting among
these approaches depends on the availability of causal knowledge, the interpretability needs, and the constraints of the
training pipeline.
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