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Abstract

In many scientific experiments, the data annotating cost constraints the pace
for testing novel hypotheses. Yet, modern machine learning pipelines offer a
promising solution—provided their predictions yield correct conclusions. We
focus on Prediction-Powered Causal Inferences (PPCI), i.e., estimating the
treatment effect in an unlabeled target experiment, relying on training data with
the same outcome annotated but potentially different treatment or effect modifiers.
We first show that conditional calibration guarantees valid PPCI at population
level. Then, we introduce a sufficient representation constraint transferring validity
across experiments, which we propose to enforce in practice in Deconfounded
Empirical Risk Minimization, our new model-agnostic training objective. We
validate our method on synthetic and real-world scientific data, solving impossible
problem instances for Empirical Risk Minimization even with standard invariance
constraints. In particular, for the first time, we achieve valid causal inference
on a scientific experiment with complex recording and no human annotations,
fine-tuning a foundational model on our similar annotated experiment.

1 Introduction

Artificial Intelligence systems hold great promise for accelerating scientific discovery by providing
flexible models capable of automating complex tasks. We already depend on deep learning predictions
across various scientific domains, including biology [Jumper et al., 2021, Tunyasuvunakool et al.,
2021], medicine [Elmarakeby et al., 2021, Mullowney et al., 2023], sustainability [Zhong et al.,
2020, Rolnick et al., 2022], and social sciences [Jerzak et al., 2022, Daoud et al., 2023]. While
these models offer transformative potential for scientific research, their black-box nature poses new
challenges, especially when used to analyze new experimental data. They can perpetuate hidden
biases, which are difficult to detect and quantify, potentially invalidating any analysis resting on
their predictions [Cadei et al., 2024].

Recent works proposed leveraging predictive models for efficient and still valid statistical inferences
on partially labeled data [Angelopoulos et al., 2023a,b], training the predictor on the annotated sample
and then estimating the statistical quantities of interest, including the model’s predictions on the
unlabeled sample. In this paper, we focus on causal inferences from (outcome) unlabeled experiments.
We similarly aim to retrieve the missing labels from their complex measurements, i.e., entangled and
high-dimensional, such as images or videos, through a predictive model. However, we consider train-
ing such a model from similar yet different annotated experiments, e.g., different treatments or effect
modifiers. We refer to this problem as Prediction-Powered Causal Inference (PPCI), differing from
classic Prediction-Powered Inference for its motivation, i.e., causal, and setting, i.e., generalization.
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To tackle this problem, we �rst characterize when a predictor isvalid for a given PPCI problem. We
show that (statistical)conditional calibrationwith respect to the observed outcome parents preserves
identi�ability and still guarantees consistent estimation, e.g., via Augmented Inverse Propensity
Weighted (AIPW) estimator [Robins et al., 1994], for the treatment effect in the unlabeled experiment.
However, the validity of a predictor may not transfer even between similar experiments and assuming
an in�nite training sample by Empirical Risk Minimization, even with standard invariance constraints
[Arjovsky et al., 2019, Krueger et al., 2021]. We then propose a suf�cient condition to enforce in the
representation backbone of the predictor,causal liftingthe model to transfer causal validity on the
target experiment (together with other standard, yet idealized, assumptions).

We further propose a novel, simple yet effective implementation of such a constraint via loss reweight-
ing, which we nameDeconfounded Empirical Risk Minimization(DERM). To test it, we considered
ISTAnt experiment [Cadei et al., 2024] (unique real-world benchmark for treatment effect estimation
with complex measurements), ignoring the outcome annotations, and trained the predictive model over
a new annotated experiment of ours with the same annotation mechanism, but different recording plat-
form (lower quality) and treatments. We further validate and con�rm the results on a synthetic manip-
ulation of MNIST dataset [LeCun, 1998] by controlling the data-generating process and causal effect.

More broadly, this paper emphasizes the “representation learning” aspect of “causal representation
learning” [Schölkopf et al., 2021], which has traditionally focused on the theoretical identi�cation of
a representation without concerning any speci�c task. In Bengio et al. [2013], good representations
are de�ned as ones “that make it easier to extract useful information when building classi�ers
or other predictors.” In a similar spirit, we focus on representations that make extracting causal
information possible with some downstream estimator. We hope that our viewpoint can also offer new
benchmarking opportunities that are currently missing in the causal representation learning literature
and have great potential, especially in the context of scienti�c discoveries.

Overall, our main contributions are:

i. formulation and foundational theory forPrediction-Powered Causal Inferences, i.e.,
prediction-powered causal estimands identi�cation and estimators properties,

ii. anew constraint to transfer causal validity across similar experiments,causal lifting neural
representations with out-of-distribution �ne-tuning, alongside a practical implementation
(DERM),

iii. �rst valid causal inference on a scienti�c experiment (ISTAnt) with complex measurements
andno human annotations, by �ne-tuning a model on our similar annotated experiment.

2 Prediction-Powered Causal Inference

In this Section, we formulate the PPCI problem, introducing the terminology and general identi�cation
and estimation results characterizing acausallyvalid outcome model.

Problem: Prediction-Powered Causal Inference (PPCI)

Let (T; W; Y; X) � P be random variables, whereT 2 T denotes a treatment assignment,
W 2 W the observed covariates,Y 2 Y the outcome of interest, andX 2 X a complex
measurement capturingY information. Letg : X ! Y be a �xed predictor ofY from X .

Given an i.i.d. samplef (Ti ; Wi ; _; X i )gn
i =1

i:i:d:� P , where the outcomes are not observed
directly, identify and estimatethe average potential outcome under a treatment interventiona,
i.e., � Y (t) := E[Y j do(T = t)], or related estimands,from the prediction-powered sample
f (Ti ; Wi ; g(X i ))gn

i =1 .
aWe focus on population-level causal estimands, but the problem generalizes to group-level quantities too

by additionally conditioning on a covariates subset.

Several scienti�c problems �t under this framework, where a human domain expert, trained on similar
data, acts as a predictorg, elaborating and annotating the high-dimensional measurements, aiming
to collect evidence to answer the overarching scienti�c question. Replacing this step with a deep
learning model requires guarantees, which generally differ from standalone prediction accuracy
metrics. Systematic errors in a speci�c subgroup can invalidate any causal reasoning [Cadei et al.,
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2024, Cadei and Internò, 2025]. However, the PPCI potential comes from the fact that good outcome
models can be learned also from similar experiments and transferred zero-shot, e.g., changing
setup and treatment of interest, as long as the (true) annotation mechanism stays invariant. Such a
generalization goal is the main motivation behind the investigation of this problem, going beyond
(statistical) Prediction-Powered Inference [Angelopoulos et al., 2023a,b] that is designed instead
for ef�ciency in-distribution. As a practical, real-world motivating problem, we aim to achieve
valid Average Treatment Effect estimation on ISTAnt without expensive human annotations, but by
annotating instead with foundational models �ne-tuned over our annotated similar experiment, with
different treatments and recording platform. See the problem illustration in Figure 1.

Figure 1: Pipeline for Average Treatment Effect inference on ISTAnt experiment without human
annotations. We designed, recorded, and annotated oursimilar experiment with different treatments
and recording platform and leveraged it to �ne-tune a pre-trained model for imputation.

Before discussing the generalization challenges and our proposed mitigation, we formalize the
properties a predictor requires to guarantee valid PPCI. Note that, in the following discussions,
we always start by assuming identi�ability of the average potential outcome(s), e.g., Randomized
Controlled Trial. Indeed, if the problem has no solution even with access to the true outcomes, the
corresponding PPCI problem loses meaning1.

De�nition 2.1 (Valid Predictor). An outcome predictorg is valid for a PPCI problem if and only if
the average potential outcome(s) of interest� Y (t) identify in a statistical estimand, i.e., a treatment
function removing the do-operator, and� Y (t)=� g(X ) (t).

For example, given a PPCI problemP with binary treatment, let the average potential outcome
upon intervening on the treatment valuet be identi�ed via the adjustment formula by standard causal
inference assumptions2, i.e.,

� Y (t) = EW [EY [Y jT = t; W ]] (1)

whereW is a valid adjustment set. A predictorg is valid forP if � Y (t)=� g(X ) (t), i.e.,

EW [EY [Y jT = t; W ]] = EW [EX [g(X )jT = t; W ]]: (2)

Then, we want to characterize the testable statistical property a model has to satisfy to be valid.

De�nition 2.2 (Conditional Calibration). Let X; Y; Z � P random variables withX 2 X and
Y 2 Y . A predictorg : X ! Y is conditionally calibrated overZ if and only if:

E[Y � g(X )jZ ] a.s.= 0 (3)

Lemma 2.1(Prediction-Powered Identi�cation). Given a PPCI problemP with identi�able
ATE (given the ground-truth annotations). If an outcome modelg : X ! Y is conditionally
calibrated with respect to the treatment and the valid adjustment set considered for identi�cation,
then it is (causally) valid forP .

The lemma follows directly from backdoor adjustment, see proof in Appendix A, and offers a
suf�cient condition for validity. It is worth observing that being calibrated with respect to all the

1Unless an unobserved and valid adjustment set can be identi�ed from the complex measurementsX , but
such a discussion is outside the scope of this paper.

2Consistency, exchangeability, and overlap.
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observed covariates and not only the valid adjustment set is just a stronger suf�cient condition, still
holding the thesis. For example, in experiments where there are few discrete experimental conditions,
it is safe to enforce/test it for all the covariates, without requiring a prior knowledge of which is
the valid adjustment set.

Lemma 2.2(Prediction-Powered Estimation). Given a PPCI problemP , with identi�able
ATE (given the ground-truth annotations). If an outcome modelg : X ! Y is conditionally
calibrated with respect to the treatment and a valid adjustment set, then the corresponding
AIPW estimator over the prediction-powered sample preserves doubly-robustness and valid
asymptotic con�dence intervals, i.e.,

p
n(�̂ g(X ) � � Y ) ! N (0; V ); (4)

whereV the asymptotic variance.

As before, the result is intuitive and now extends such a suf�cient condition to preserve the property
of an estimator. The proof, despite being technical, follows directly from classical AIPW results, and
we present it in Appendix A. In practice, it is important to note that, while several estimators may
exist for the same causal estimand, we need to rely on a valid predictor for the statistical estimand we
identify the causal one with. For example, in a randomized controlled trial, we may identify the ATE
with the associational difference, and therefore require calibration only with respect to the treatment;
if, in practice, we want to use an estimator relying on covariates conditioning to improve ef�ciency,
e.g., AIPW, we must require the outcome model to condition on all such covariates too. We still have
not discussed how to enforce or even test such a property, without access to outcome annotations on
the target experiment, and we start illustrating the fundamental generalization challenges in learning
a valid outcome model.

2.1 Out-of-distribution generalization challenges

The main challenge in PPCI is training a valid outcome model to replace expensive and slow
annotation procedures. It has to be expressive enough to process the complex input measurements,
while being calibrated with respect to the experimental settings. Although modern pre-trained models
are getting more and more capable and generalist [Bubeck et al., 2024], they still cannot guarantee
calibration a priori [Chen et al., 2022]. As a human annotator learns an annotation procedure from
similar experiments with the same measurement type (e.g., videos) and outcome of interest (e.g.,
ants' behaviours), we may aim to �ne-tune pre-trained models onsimilar annotated experiments,
leading towards scienti�cally valid expert models. For this purpose, let's �rst provide a notion of
similarity among experiments.

De�nition 2.3 (Similarity). Two PPCI problemsP andP 0are similar if their outcome-measurement
mechanism is invariant, i.e.,

P(Y jX = x) = P(Y 0jX 0 = x) 8x 2 supp(X ) \ supp(X 0) (5)

This de�nition naturally generalizes to whatever measurement-outcome couple(X; Y ) � P such
that the annotation mechanismP(Y jX = x) is invariant. Note that our setting is different from
the invariant causal predictions [Peters et al., 2016], as in our caseP(Y jX = x) is not a causal
mechanism that we want to identify using an invariance assumption over multiple environments, but
ratherX is a measurement ofY [Silva et al., 2006, Yao et al., 2025] (and thus a child of Y), potentially
observed over a single environmentP . We can rely on this anticausal invariance whenever the same
annotation protocol could be used for the two experiments (for example, humans trained to annotate
P are capable of annotatingP 0 without new training or instructions). Still, vanilla �ne-tuning by
standard Empirical Risk Minimization oversimilar experiments doesn't guarantee learning a valid
outcome model due to peculiar generalization challenges raised by the spurious shortcuts appearing
in anticausal prediction problems [Schölkopf et al., 2012, Peters et al., 2016], for example, from the
visual appearance of certain effect modi�ers. We distinguish here between statistical challenges with
a �nite training sample and potential issues even in the in�nite sample regime.

Finite training sample If the training sample is not representative of the full target population,
the model may over-rely on its spurious conditional measurement-outcome correlation, e.g., some
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