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Abstract
This paper provides methods for the valid estimation and inference of treatment effects in the pres-
ence of unstructured, multimodal data, namely text and images, as confounders. We develop a
neural network architecture that is adapted to the double machine learning (DML) framework,
specifically the partially linear model. An additional contribution of our paper is a new method to
generate a semi-synthetic dataset which can be used to evaluate the performance of causal effect
estimation in the presence of text and images as confounders. The proposed methods and architec-
tures are evaluated on a correspondingly generated semi-synthetic dataset and compared to standard
approaches, highlighting the potential benefit of using text and images directly in causal studies.
In the experiments, our methods performs well and achieves the nominal coverage. Our findings
might be valuable for researchers and practitioners in economics, marketing, finance, medicine and
data science in general who are interested in estimating causal quantities using non-traditional data.
Keywords: Causal Inference, Causal Machine Learning, Double Machine Learning, Multimodal
Data, Unstructured Data, Inference

1. INTRODUCTION

In this paper, we propose deep learning architectures for treatment effect estimation and valid sta-
tistical inference in the presence of high-dimensional and unstructured multimodal confounders,
emphasizing the utilization of deep learning techniques for handling complex nuisance parameters.
In many cases, text and image data contain information that can otherwise not be accounted for
in causal studies, for example in the form of sentiment in product descriptions or reviews, labels
for product images in online marketplaces or health information encoded in medical images. In
causal studies, this information can be very important to account for otherwise unmeasured con-
founding or to improve estimation precision of causal effects. Our focus is on developing methods
that ensure root-N consistency and valid inferential statements of the causal parameter, particularly
in scenarios where traditional semi-parametric assumptions are challenged by the increasing com-
plexity of the nuisance parameter space (Foster and Syrgkanis, 2023). The parameter of interest
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will typically be a causal or treatment effect parameter, denoted by θ0. Common examples for θ0
include the average treatment effect (ATE) or the ATE for the subgroup of the Treated (ATT). We
propose neural network architectures adapted to the confounding structure and DML framework,
which allows for valid inference in complex settings, with unstructured, multimodal confounding
variables, called DoubleML-Deep. In this setting the nuisance parameters / functions are estimated
using deep learning methods, such as transformers, or large language models (LLM). These deep
learning methods are capable of handling high-dimensional, unstructured covariates, like texts and
images (Goodfellow et al., 2016; Zhang et al., 2023), and provide estimators of nuisance functions
when these functions are highly complex. In this context, ”highly complex” refers to the entropy of
the parameter space associated with the nuisance parameter increases with the sample size, going
beyond the conventional framework addressed in the classical semi-parametric literature (Härdle
et al., 2012). The main contribution of this paper is to develop neural net architectures blended with
the DML framework and to offer a general procedure for estimation and inference on θ0 that is for-
mally valid in these highly complex settings. In Section 5.1, we also propose a method to generate
semi-synthetic data in the presence of text and images as confounders. Data generating processes
for unstructured data are characterized by inherent challenges, which are briefly summarized and
addressed in our paper. Given the growing interest in causal inference with text and image data
and the increased availability of this data, we believe that this contribution of our paper might be of
independent interest. In a simulation study we compare our methods with different approaches and
find that DoubleML-Deep has the smallest bias and root mean squared error (RMSE) and achieves
the nominal coverage of the confidence interval.
As a lead example, we consider the following partially linear regression (PLR) model (Chernozhukov
et al., 2018):

Y = θ0D + g0(X) + ε, E[ε|X,D] = 0 (1)

D = m0(X) + ϑ, E[ϑ|X] = 0 (2)

Here, Y is the outcome variable, D is the policy/treatment variable of interest, X consists of other
controls, and ε and ϑ are non-degenerate disturbances with corresponding variances σ2ε and σ2ϑ. If
the treatment D is exogenous conditional on the controls X , the coefficient θ0 can be interpreted as
treatment effect of D on Y . Equation (2) models the confounding effect of X on D via m0, e.g.
for a binary treatment D, the conditional expectation m0(X) corresponds to the propensity score.
As m0 characterizes the effect of confounders X on D, it can be used to remove regularization
bias. Not correctly accounting for all confounding factors, e.g. by not including all relevant con-
founders X , may lead to biased estimates of the target parameter θ0. In real world applications the
confounding factors might be very complex and hard to observe or measure (e.g. product quality or
medical information). Text and image data can be helpful to control for these complex confounding
factors, for instance product images and descriptions are usually a good indicator of product quality.
Consequently, causal models can benefit from text and image data to remove confounding bias. We
leverage deep learning methods to fit functions representing the conditional expectations of the out-
put variable Y and the treatment variable D given our set of covariates, incoporated in DML-based
neural network architectures. Specifically, we define:

l0(X) := E[Y |X] (3)

m0(X) := E[D|X] (4)
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To construct an orthogonalized score based on the nuisance components η̂ = (l̂, m̂), define the
following expression:

ψ(W, θ, η̂) :=
(
Y − l̂(X)− θ (D − m̂(X))

)
· (D − m̂(X)) ,

where W = (Y,D,X). The score ψ is based on partialling-out the effects of the controls from
treatment D and outcome Y (Chernozhukov et al., 2018) or also known as the R-Learner (Nie
and Wager, 2021). Construction of an orthogonalized score ensures the necessary orthogonality
for valid statistical inference. Finally, the estimate is computed as the solution to the following
empirical moment equation:

0 =
1

n

n∑
i=1

ψ(W, θ̂, η̂0)

The necessary assumptions involve bounding the difference between estimated nuisance functions
(m̂ and l̂) and true functions (m0 and ℓ0) in relation to the sample size N

∥m̂(X)−m0(X)∥P,2 · (∥m̂(X)−m0(X)∥P,2+
∥l̂(X)− l0(X)∥P,2) ≤ δNN

−1/2,
(5)

which requires high-quality machine learning estimates m̂ and l̂. Under this assumption and addi-
tional regularity conditions1, the estimator θ̂ converges to the true parameter θ0 at a rate of 1/

√
n

and is approximately normally distributed:

√
n(θ̂ − θ0) → N (0, σ2)

This methodology forms the basis for treatment effect estimation in the presence of high-dimensional
unstructured confounders. In modern research, the availability of unstructured data, such as images
and text, has become ubiquitous. These data types offer a rich source of information that can con-
tribute significantly to the estimation of causal effects. Incorporating unstructured data into the
causal models such as the PLR as controls introduces several advantages. First, it allows for a more
comprehensive representation of the confounding structure, capturing nuances that may be missed
by solely relying on structured / tabular covariates. Second, more and more deep learning mod-
els are being developed which are tailored for unstructured data, such as transformers for images
or LLMs for text, can be seamlessly integrated into the estimation process, further enhancing the
accuracy of nuisance parameter estimation (Chernozhukov et al., 2018). Third, we would like to
note that we focus specifically on the semi-parametric PLR model in this paper. In general, our
methodology is basically also applicable to other nonparametric causal models that share the key
ingredients of the DML framework (cf. Section 3).
In the subsequent sections, we elaborate on the methodology for leveraging unstructured data within
the PLR framework and present simulation studies based on the semi-synthetic dataset. Addition-
ally, the appendix includes an empirical illustration.

1. δN is a sequence of positive constants converging to zero. For details on the regularity conditions, see Chernozhukov
et al. (2018).
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2. LITERATURE REVIEW AND EXAMPLES

The use of unstructured data such as images and text as controls is crucial for identification and
estimation of causal parameters, for example for estimating price elasticities, effects of medical
treatments (Chan et al., 2018; Masukawa et al., 2022), or the effect of condensation trails on the
climate (Ortiz et al., 2024). While unstructured data have been used for prediction tasks for some
time, e.g. deep learning techniques for clinical risk predictions (Zhang et al., 2020), the use of
text and images for causal inference has been a very recent development in the scientific literature.
Text as outcome and treatment variable was discussed in Egami et al. (2018) and Sridhar and Blei
(2022), but on a very high / conceptual level. We focus on text (and images) as confounders. Veitch
et al. (2020) consider this setting and provide results for the consistency of the causal estimate,
while we integrate it into the double machine learning framework to perform valid inference, i.e.
constructing valid confidence intervals and test statistics for causal parameters. In a contemporary
paper, Veljanovski and Wood-Doughty (2024) integrate only text in the double machine learning
framework. Melnychuk et al. (2022) apply transformer to estimate treatment effects with tabular
data and time-varying covariates, but do not provide inference results. Schulte et al. (2025) consider
inference with pre-trained networks. The recent literature on the use of text for causal inference is
nicely summarized in Feder et al. (2022) and Jiao et al. (2024). There are also approaches to use
images in causal inference (Jerzak et al., 2023a,b,c), but we are, to the best of our knowledge, not
aware of any study allowing for valid inference with images and consider our approach as the first
to integrate both text and images in a multimodal double machine learning framework.

3. DOUBLE MACHINE LEARNING FOR TABULAR DATA

The double machine learning method, as proposed by Chernozhukov et al. (2018), is a framework
that aims to provide valid statistical inference in structural equation models while leveraging the
predictive power of machine learning methods for potentially high-dimensional and non-linear nui-
sance functions. The DML framework consists of three key ingredients: 1. Neyman orthogonality,
2. High-quality machine learning estimation and 3. Sample splitting. Neyman orthogonality en-
sures that the score function ψ(W, θ, η̂) to estimate the target parameter θ0 is insensitive towards the
plug-in estimates from the nuisance learners η̂. This is specifically relevant for machine learning al-
gorithms such as neural networks, as these usually trade of variance and bias to achieve high-quality
predictions via regularization. High-quality machine learning estimation involves using state-of-the-
art machine learning algorithms to estimate the nuisance functions in Equations 3 and 4, ensuring
that they are estimated as accurately as possible. Sample splitting is employed to separate the data
into estimation and inference samples, which helps to avoid overfitting, and hence to achieve valid
statistical inference.

The DML framework has gained attention in various domains, including social sciences, com-
puter science, medicine, biostatistics, and economics and finance, because of its ability to address
the challenges of causal inference with high-dimensional data. Furthermore, the DML framework
has been implemented in both R and Python programming languages as DoubleML Bach et al.
(2024a), making it accessible to many users in academic and industry research. In summary, the
double machine learning method, as described by Chernozhukov et al. (2018), provides a robust
framework for valid statistical inference for tabular data or structured data in structural equation
models by integrating high-quality machine learning estimation with sample splitting. Its versatility
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and applicability across various domains make it a valuable tool for addressing causal inference
challenges with complex, high-dimensional controls.

4. DOUBLE MACHINE LEARNING FOR TEXT AND IMAGES

In the standard causal inference literature, the controls X are tabular, as discussed in the previous
section, and can be represented as Xtab = (X1, . . . , Xp) such that Xtab ∈ Rp, p ∈ N. However,
if the controls are unstructured, e.g. in the simple form of RGB images, X can be represented as
a tensor such that Ximg ∈ R3×h×w, h, w ∈ N. For controls in text form, X can be defined as
an input representation matrix including the token, segmentation and position embeddings (Devlin
et al., 2019) and can therefore be written as Xtxt ∈ R3×S , S ∈ N where S denotes the sequence
length of the input sentence.

If all input modalities are to be used together as controls,X can be represented as a set consisting
of X = (Xtab, Xtxt, Ximg) with Xtab ∈ Rp for the tabular input, Xtxt ∈ R3×S for the text input and
Ximg ∈ R3×h×w for the image input with p, h, w, S ∈ N. This results in a high-dimensional
input vector, which cannot be directly used for nuisance estimation, but rather can be modeled as
input for Deep Learning architectures, resulting in low-dimensional representations. Two possible
confounding structures with text and image data are illustrated in Figure 1. As highlighted in the
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Figure 1: Examples of directed acyclic graphs (DAGs) with image and text confounding. (a) Direct
confounding via image, text and tabular data as common cause. (b) Treatment take-up is
driven by text and images. All backdoor paths are blocked by conditioning on both image
and text data.

previous sections, the DML approach relies on high-quality estimates for the nuisance elements
m0(X) and l0(X), such that the mean squared error (or product of root mean squared errors in
Equation 5) converges fast enough. For tabular data these rates are achievable via standard machine
learning algorithms such as e.g. lasso (Bickel et al., 2009) or boosting (Luo et al., 2022). Although
for the state-of-the-art architectures formal results on the rates of convergence are still missing,
deriving such results has currently high priority in research and a lot of progress in understanding
the properties of different neural network architectures has been achieved recently. For feed forward
neural networks Schmidt-Hieber (2020), Kohler and Langer (2021) and Farrell et al. (2021) provide
results on the rates and show that the required theoretical rates are achievable. For convolutional
neural nets Yang et al. (2024) provide theoretical guarantees. First results for attention mechanism
are provided in Vasudeva et al. (2024) and for transformer models in Furuya et al. (2024), Gurevych
et al. (2021) and Makkuva et al. (2024). Of course, for advanced architectures still some work
needs to be done, but the results point into the right direction. Moreover, more complex neural
network architectures as e.g. transformers achieve stunning predictive performance in the respective
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Figure 2: High-Level PLR Model Architecture. Both nuisance components are trained simultane-
ously on the confounding embedding HC with a combined loss.

regression or classification tasks, suggesting credibly fast convergence and therefore likely fulfilling
the conditions for the double machine learning framework. Nevertheless, it should be highlighted,
that the rate requirements impose regularity assumptions such as smoothness on the underlying
data generating process. Veljanovski and Wood-Doughty (2024) perform a simulation study which
indicates that the desired rates are actually achieved by modern architectures.

4.1. Model

To estimate the nuisance functions according to Equations 3 and 4 with the set of multimodal con-
trolsX , we propose a tailored neural network architecture which is adapted to the DML framework.
The focus of this work is on multimodal models due to their promising results across different tasks.
Utilizing multimodal data fusion is particularly suited for achieving the objective of estimating the
causal parameter θ0 incorporating confounding influences sourced from tabular features, text and
images. Multimodal models are a class of ML models that can effectively handle input data from
different modalities such as text, image, video or audio. These models combine information from
multiple modalities to improve their predictive power and achieve a better performance compared
to individual modalities systems (Rahate et al., 2022). Multimodal data fusion seeks to extract and
merge contextual information from multiple modalities in order to enhance decision-making. This
is done by taking advantage of the complementary strengths of each modality (Lipkova et al., 2022).
Multimodal models can, for example, combine semantic knowledge gained from texts with knowl-
edge of spatial structures obtained from images to learn joint representations of images and texts
(Miller et al., 2020). The objective of a multimodal model is to combine features of various modali-
ties (Lee and Rho, 2022). The architecture of these models can be diverse and includes, for example,
neural networks capable of processing and analyzing each modality, followed by the fusion block
that concatenates the information across modalities (Miller et al., 2020).
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4.2. Deep Learning Architecture and Implementation Details

The high-level architecture of our model for the single treatment case is shown in Figure 2. The
integration of the modalities occurs through a middle fusion approach, whereby the text and image
data are combined at an intermediate representation level, utilizing the embedding output. In our
architecture, each modality encoder (text, image, tabular) first produces a modality-specific embed-
ding Htxt, Himg, Htab. Rather than simply concatenating these embeddings, we interpose a series
of Cross-Attention Blocks (CABs) that allow each modality to dynamically “attend” to the other
two. Concretely, in each CAB the normalized queries from one modality interact via scaled dot-
product attention with keys and values drawn from another modality. By stacking CABs so that
each modality both queries and is queried by the others, we learn pairwise and higher-order cross-
modal correlations before projecting into the final joint representation HC . Finally, the embedding
HC ∈ RdE provides a dE-dimensional representation of the unstructured input data that can be used
to make predictions or classify the input (Wolf et al., 2020).
We use pre-trained transformer-based models such as BERT (Vaswani et al., 2023) or variants like
the robustly optimized BERT Pretraining Approach (RoBERTa) (Liu et al., 2019) or LLMs like
Llama (Touvron et al., 2023) for handling the text data. For the image processing, we rely on
transformer-based models such as BEIT (Bao et al., 2022) or Vision Transformers (VITs) (Doso-
vitskiy et al., 2021). Using models like the SAINT model (Somepalli et al., 2021) for tabular data
appeared to be satisfactory. It is crucial to closely monitor losses of each nuisance component

∥Y − l̂(X)∥P,2 ≤ ∥l0(X)− l̂(X)∥P,2 + σϵ

∥D − m̂(X)∥P,2 ≤ ∥m0(X)− m̂(X)∥P,2 + σϑ

to ensure high-quality predictions. These considerations contribute to the robustness and effective-
ness of the models applied to both unstructured and tabular data, emphasizing the importance of
vigilance over nuisance losses. The combined loss function for model training is defined as the
product of root mean squared errors, which is directly motivated by the theoretical requirement for
valid inference in Double Machine Learning:

L = ∥D − m̂(X)∥Pn,2∥Y − l̂(X)∥Pn,2.

Usually the DML framework relies on cross-fitting to ensure the nuisance predictions are not over-
fitted, avoiding bias of the target parameter. In principle cross-fitting is also possible for neural net-
works but would increase the computational costs excessively. Instead, we rely on sample splitting,
such that the neural network is trained on a training set and the estimation of the target parameter θ0
is performed on a seperate test set. Recent simulation results by Bach et al. (2024b) suggest that the
performance of DML with a single sample split is comparable to a cross-fitting approach in large
sample sizes.

5. SIMULATION STUDY

The validation of the proposed estimator is a crucial step in ensuring their accuracy and reliability.
Unlike predictive models, the performance of causal models is not straightforward to evaluate in
real world applications. The evaluation of causal estimation approaches is generally complicated
by the fact that the true causal effect (unlike true labels for predicted outcomes) is not observable,
which requires the use of synthetic or semi-synthetic data. In this simulation study, we generate a
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semi-synthetic dataset with a known treatment effect parameter. We document a generally inherent
challenge of simulating multimodal data for causal estimation: Generating credible confounding
through unstructured data makes it very hard to uncover the true causal effect parameter. In our
data generating process, the confounding operates through labels of the supervised learning tasks
such as image classification, which cannot be perfectly predicted by the neural nets. Consequently,
a part of the imposed confounding remains unexplained, which prevents exact identification and
estimation of the causal parameter. Hence, we consider the true causal parameter as an ideal, but
generally infeasible statistical estimate. Our analysis will include simulations to evaluate prediction
performance for treatment and outcome, joint loss function values, and variance and bias of the
causal effect estimate. Additionally, the appendix contains a short empirical illustration.

5.1. Simulating Confounding with Text and Images

To evaluate the performance of our model, we generate a semi-synthetic dataset according to the
underlying model in Equations 1 and 2

Y = θ0D + g̃0(X̃) + ε,

D = m̃0(X̃) + ϑ,

where X̃ = (X̃tab, X̃txt, X̃img) with the following additive structure

g̃0(X̃) =
∑

mod∈{tab,txt,img}

g̃mod(X̃mod),

m̃0(X̃) =
∑

mod∈{tab,txt,img}

m̃mod(X̃mod)

and ε, ϑ ∼ N (0, 1).
Each of the three modality effects is based on a publicly available (simple) non-synthetic dataset
which is usually used for classification and regression tasks. All datasets contain one target X̃mod
(outcome or label) and features Xmod (image, text etc.). As these datasets have been shown to work
well with the respective predictive task, we generate the confounded treatment D and outcome Y
based on the targets X̃mod of the three different datasets instead of the respective features Xmod.
This ensures a credible confounding, especially for image and text data as the confounding effect
depends on content of the high-level information of the image and text which can be considered as
proxies of the latent confounding structure via labels.

The tabular data is sourced from the DIAMONDS dataset (Wickham, 2016), which includes
various attributes of diamonds such as carat, cut, color, clarity, depth, table, price, and measure-
ments (x, y, z). The logarithm of the price column X̃tab is used to simulate confounding and the
remaining variables will be utilized as tabular controls Xtab. The tabular data is preprocessed (log-
transformation etc.) and downsampled to create a dataset with N = 50, 000 observations to main-
tain consistency with the other data modalities of the new semi-synthetic dataset.
The text data component of the semi-synthetic dataset is derived from the IMDB dataset (Maas
et al., 2011), which is a collection of movie reviews with corresponding sentiment labels. This
dataset is publicly available and has been widely used for sentiment analysis tasks in natural lan-
guage processing research. The semi-synthetic dataset is based on the training and test sample of
the IMDB dataset to match the size of the tabular and image datasets. The binary representation of
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Figure 3: DAG for the semi-synthetic dataset. The confounding via the features X =
(Xtab, Xtxt, Ximg) can be adjusted for, whereas the unexplained/noise parts U =
(Utab, Utxt, Uimg) are unobserved.

the sentiment X̃txt is used to generate confounding while the review constitutes the text control Xtxt
for the set of controls.
The image data component of the semi-synthetic dataset is sourced from the CIFAR-10 dataset
(Krizhevsky et al., 2009), which is a well-known benchmark in the field of computer vision. The
CIFAR-10 dataset consists of 60,000 32x32 color images in 10 different classes, with 6,000 images
per class. The semi-synthetic dataset is based on the training set, which contains 50,000 images.
A numerical representation of the image labels X̃img is used to obtain a confounding on Y and D
while the images will be part of the set of controls as Ximg.

The effect on the outcome Y is generated via a standardized version of target variable

g̃mod(X̃mod) = (X̃mod − E[X̃mod])/σX̃mod
,

mod ∈ {tab, txt, img}

to balance the confounding impact of all modalities. Further, the impact on the treatment D is
defined via

m̃mod(X̃mod) = −g̃mod(X̃mod),

mod ∈ {tab, txt, img}

to ensure a strong confounding. Due to the negative sign and the additive structure, the confounding
effect will ensure that higher outcomes Y occur with lower treatment values D, creating a negative
bias. Further, independence of all three original datasets and additive negative confounding results
in a negative bias even if we only control for a subset of confounding factors.
The treatment effect is set to θ0 = 0.5 and both g̃0(X) and m̃0(X) are rescaled to ensure a signal-
to-noise ratio of 2 for Y and D (given unit variances of the error terms).

A generally inherent challenge of this type of data generating processes is the dependency on
the target of the modality X̃mod, which might not be fully explained by the corresponding controls
Xmod. For example, the price of the DIAMONDS dataset can not be perfectly predicted by carat,
cut, color, etc., introducing a small part of confounding which can not be controlled for by using
the tabular features Xtab instead of X̃tab (logarithm of price), as shown in the DAG in Figure 3.
Consequently, the estimate θ̂ might only be able to account for the part of confounding which can
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be explained by the input features as

X̃mod = E[X̃mod|Xmod] + Umod,

where Umod can not be controlled for. Nevertheless, since all modalities contribute a negative bias,
the semi-synthetic dataset can be used as a benchmark with an oracle upper bound of an effect es-
timate of θ0 = 0.5. To evaluate the confounding one can evaluate a basic ordinary least squares
model with outcome Y on the treatment variable D (excluding all confounding variables). The re-
sulting effect estimate θ̂OLS = −0.4594, can be interpreted as a lower bound for the effect estimate.
Accordingly, all evaluated models should estimate the parameter between −0.4594 and 0.5, where
higher values indicate better bias correction (ignoring sampling uncertainty).
To further access the predictive performance of the nuisance models, we can rely on oracle predic-
tions of

m̃0(X̃) := E[D|X̃]

l̃0(X̃) := E[Y |X̃] = θ0m̃0(X̃) + g̃0(X̃).

Evaluating the oracle predictions m̃0(X̃) and l̃0(X̃) results in the following upper bounds for the
performance of the nuisance estimators

R2(D, m̃0(X̃)) = 0.6713 R2(Y, l̃0(X̃)) = 0.5845

on the whole dataset of N = 50, 000 observations, which is to be expected due to the choice of
signal-to-noise ratio (for the definition of R2, see the appendix. Again, since models only have
access to the features X = (Xtab, Xtxt, Ximg) instead of the targets X̃ = (X̃tab, X̃txt, X̃img), the
above values represent upper bounds for R2. The additive form and independent input features
enable separate isolation and equally strong confounding effect for each modality. Nevertheless,
this structure might not be very close to reality. In the appendix, we repeat the analysis with a
similar semi-synthetic dataset with dependent modalities.

5.2. Results

In this section, we evaluate the performance of our proposed deep learning architecture against a
comprehensive set of benchmark models on the semi-synthetic dataset. The evaluation is conducted
as a Monte-Carlo experiment with R = 100 replications, each using a newly generated dataset of
N = 50, 000 observations. For computational efficiency, the DML-Deep model is trained on half
the sample size (N/2). More information on simulation and training/hyperparameter tuning of the
models can be found in the appendix under Simulation Details.

All models are designed to estimate the target parameter θ0 from the partially linear regression
model. To ensure comparability, we use the DoubleML package (Bach et al., 2022) for all Double
Machine Learning (DML) implementations, which only differ in how the nuisance functions l(X) =
E[Y |X] and m(X) = E[D|X] are estimated.

We compare three classes of models:
The Tabular-only Models serve as baselines that ignore the unstructured data. These include

standard Ordinary Least Squares with tabular controls (OLS-Tab) and DML models using only
tabular features (Xtab). For the DML variants, we test both a simple linear model (DML-Tab (Lin))
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and a tuned gradient boosting model (DML-Tab (Tree)) via the LightGBM package (Ke et al.,
2017) as the nuisance learners.

The Latent-Feature Models represent an intermediate approach. Here, latent feature vectors
are extracted from the text and image modalities using pre-trained, non-finetuned transformers.
These vectors are then concatenated with the tabular features Xtab and used as input for stan-
dard learners. This category includes OLS (OLS-Latent) and DML with both linear (DML-Latent
(Lin)) and tree-based (DML-Latent (Tree)) nuisance estimators. This approach tests whether simply
adding embeddings as features is sufficient to correct for confounding.

The DML-Deep Model is our proposed end-to-end architecture, as depicted in Figure 2. It
processes multimodal features X = (Xtab, Xtxt, Ximg) simultaneously to generate out-of-sample
predictions for m̂(X) and l̂(X). For our simulation, we use a DistilBERT model (Sanh et al., 2019)
for text, a ViT model pretrained on ImageNet-21k (Wightman, 2019) for images, and a SAINT
model (Somepalli et al., 2021) for tabular data.

To assess the predictive quality of the nuisance models, we define a relative r2-score that bench-
marks each model’s predictive performance against the theoretical upper bound described in Section
5.1:

0 ≤ r2(D, m̂) :=
R2(D, m̂(X))

R2(D, m̃0(X̃))
≤ 1

0 ≤ r2(Y, l̂) :=
R2(Y, l̂(X))

R2(Y, l̃0(X̃))
≤ 1.

(6)

The primary results are presented in Table 1 and Figure 4.

Table 1: Key Performance Metrics by Method
Bias RMSE CI-Coverage CI-Length

Method

Unadjusted -0.957 0.957 0.0% 0.016
OLS-Tab* -0.820 0.820 0.0% 0.017
DML-Tab (Lin) -0.820 0.820 0.0% 0.016
DML-Tab (Tree) -0.819 0.819 0.0% 0.016
OLS-Latent* -0.619 0.619 0.0% 0.018
DML-Latent (Lin) -0.625 0.625 0.0% 0.017
DML-Latent (Tree) -0.638 0.638 0.0% 0.017
DML-Deep1 -0.002 0.012 91.0% 0.036
Oracle* 0.000 0.004 95.0% 0.018

*: Predictive Performance evaluated in sample.
1: Evaluated on half the sample for efficiency.

The simulation was designed with a substantial negative confounding effect, providing a chal-
lenging scenario for bias correction.

The results in Table 1 clearly show the limitations of traditional methods. The Tabular-only
models are heavily biased (Bias ≈ −0.82), with their 95% confidence intervals failing to cover the
true parameter θ0. The Latent-Feature models reduce this bias (Bias ≈ −0.62), demonstrating
that the unstructured data embeddings contain useful information about the confounders. However,
this simple inclusion of latent features is insufficient for adequate bias control, and these models
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also fail to achieve nominal coverage. In contrast, our DML-Deep model successfully eliminates
the confounding bias, yielding a nearly unbiased estimate (Bias = −0.002) and achieving a 91%
confidence interval coverage, which is close to the nominal 95% level.

Figure 4(a) in the appendix visualizes the distribution of the point estimates θ̂ across the 100
simulation runs. The distributions for the Tabular and Latent models are centered far from the true
effect θ0, while the distribution for the DML-Deep model is centered directly on it. It is important
to note that the confidence intervals for the biased models do not cover the true value.

Figure 4(b) in the appendix provides insight into why the DML-Deep model succeeds. It shows
the relative r2-scores for the nuisance functions, l(X) and m(X). The DML-Deep model achieves
significantly higher predictive accuracy for both nuisance functions, approaching the performance of
the theoretical oracle. This superior ability to model the confounding relationships is what enables
the effective debiasing of the final treatment effect estimate, θ̂. In addition to the simulation results
above, another simulation with dependent modalities and a real-world validation can be found in
the appendix.

6. CONCLUSION

In this article, we extend the double machine learning framework to accommodate tabular data, text,
and images as confounders, enabling valid causal inference in multimodal settings. With the grow-
ing availability of such data, we consider this a significant contribution to causal machine learning.
Incorporating information from images or text can help reduce bias from unobserved confounding
or improve estimator precision.
To validate our approach, we set up a new framework to generate semi-synthetic data with mul-
timodal data that addresses inherent challenges in this type of simulation studies. The proposed
method might be of independent interest to the scientific community. Our semi-synthetic numerical
experiments demonstrated the model’s ability to incorporate the confounding that is contained in the
text and image data. The performance substantially improved as compared to a benchmark model
that does not account for this information. While our model does not always recover the true causal
effect, this reflects limitations of simulated unstructured data, not the architecture itself.
Our method is the first for valid (causal) inference with multimodal data as confounder. Moreover,
our approach could also be extended to other kinds of unstructured data, like graphs, networks, au-
dio or video data.
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Appendix A. Definitions

Let V be a random variable and V1, . . . , Vn iid. realizations of V .
Define

En[V ] :=
1

n

n∑
i=1

Vi

and the correspondingly

∥V ∥P,2 := E[V 2]

∥V ∥Pn,2 := En[V
2].

Further, define

R2(V, V̂ ) = 1−
∑n

i=1(Vi − V̂i)
2∑n

i=1(Vi − En[V ])2
.

for two random variables V and V̂ .

Appendix B. Simulation Details

B.1. Semi-Synthetic Dataset with Independent Modalities

This subsection includes further information regarding the semi-synthetic dataset. As described
in the main paper, figure 4(a) visualizes the distribution of the point estimates θ̂ across the 100
simulation runs and figure 4(b) shows the relative r2-scores for the nuisance functions, l(X) and
m(X).
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(a)

(b)

Figure 4: Parameter estimates. (a) Point estimates θ̂. θ0 represents the upper bound. (b) The relative
r2-scores across methods.

Due to the distribution of the noise and centering of the confounding components it should hold

E[Y ] = E[D] = 0

Var(Y ) = Var(D) = 3,
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which can be observed in the corresponding descriptive statistics. This subsection includes further
information regarding the semi-synthetic dataset. The data generating process is given by

Y = θ1D1 + g1(X) + ϵ,

D1 = m1(X) + η,

where X = (Xtab, Xtxt, Ximg) consists of tabular, text and image data. The treatment effect is set to
θ1 = 0.5. The nuisance functions g1(X) and m1(X) are constructed as a sum of modality-specific
components

g(X) = gtab(Xtab) + gtxt(Xtxt) + gimg(Ximg)

m(X) = mtab(Xtab) +mtxt(Xtxt) +mimg(Ximg),

where each component is standardized to have zero mean and unit variance. The components are
based on features from the original datasets: gtab on the price of the diamond, gtxt on the review
sentiment and gimg on the image class label. To induce confounding, the components for the treat-
ment regression are set to be the negative of the outcome components, i.e., mmodality(Xmodality) =
−gmodality(Xmodality) for each modality.

The final nuisance functions g1(X) and m1(X) are scaled versions of g(X) and m(X) to
achieve pre-defined signal-to-noise ratios for the outcome Y and the treatment D1. With signal-
to-noise ratios SNRY = 2 and SNRD = 2, the nuisance functions are

m1(X) =

√
SNRD

Var(m(X))
·m(X)

g1(X) = cg · g(X),

To achieve the desired signal-to-noise ratio for the outcome, SNRY , the final nuisance function
g1(X) is a scaled version of the composite function g(X), such that g1(X) = cgg(X). The scaling
factor cg is determined by solving the following quadratic equation, which arises from the variance
definition of the signal component:

Var(θ1D1 + cgg(X)) = SNRY

This expands to:

(Var(g(X)))︸ ︷︷ ︸
a

c2g + (2θ1Cov(g(X), D1))︸ ︷︷ ︸
b

cg + (θ21Var(D1)− SNRY )︸ ︷︷ ︸
c

= 0

The scaling factor cg is then obtained by applying the quadratic formula and selecting the positive
root:

cg =
−b+

√
b2 − 4ac

2a

The noise terms are drawn from a standard normal distribution, ϵ, η ∼ N (0, 1).
For the noise variation experiment, we generate 100 new samples of the treatment and outcome

variables, denoted as Di and Yi for i = 1, . . . , 100. For each sample i, we draw new noise terms
ϵi, ηi ∼ N (0, 1) and compute

Di = m1(X) + ηi

Yi = θ1Di + g1(X) + ϵi.
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This results in a dataset with 100 different realizations of the treatment and outcome for the same
set of covariates X and nuisance functions m1(X) and g1(X).

Table 2: Semi-synthetic dataset example descriptives statistics regarding the first realized treatment
and outcome variable.

Y1 D1

count 50000 50000
mean 0.000926 -0.006157
std 1.735310 1.730348
min -6.543028 -6.995684
25%-quantile -1.207339 -1.199605
50%-quantile -0.004285 0.007363
75%-quantile 1.191172 1.189492
max 6.514348 6.249006

The oracle root mean squared errors for the nuisance components are

∥D − m̃0(X̃)∥Pn,2 = 0.9994

∥Y − l̃0(X̃)∥Pn,2 = 1.1198.

The DML-Deep Model was tuned and trained on a GPU Node with the following configurations:

Table 3: GPU Node Infrastructure Specifications

Component Specification

GPU 8 × NVIDIA H100 (80 GB HBM3)
CPU 2 × AMD EPYC 9334 (32-Core)
System RAM 1152 GB

All other Methods / Models were tuned / trained on a CPU Node with the following configura-
tions:

Table 4: CPU Node Infrastructure Specifications

Component Specification

CPU 2 × AMD EPYC 9654 (96-Core)
System RAM 768 GB

Hyperparameters were selected by tuning using the Validation Combined Loss as criterion over
the following Search Space with 10 trials using the ray.tune.schedulers.AsyncHyperBandScheduler
(Li et al., 2018).
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Table 5: Hyperparameter Search Space

Hyperparameter Search Space

Embedding Dimension {256, 512}
Fusion Head Layers {[128], [256, 128], [512, 256]}
Learning Rate Log-Uniform(10−6, 8× 10−4)
Embedding Dropout Uniform(0.1, 0.4)
Learning Rate Scheduler {None, ReduceLROnPlateau, CosineAnnealingWarmRestarts}
Weight Decay Log-Uniform(2× 10−4, 10−3)
Momentum Uniform(0.80, 0.99)
Cross Attention Heads {16, 32}
Optimizer {SGD, RMSprop, Adam, Adagrad, Adadelta, Adamax}
Text Model {RoBERTa, DistilBERT, BERT}
Image Model {ViT-Base, ViT-Small, BEiT}

The following hyperparameters were finally selected for the simulation study:

• Optimizer: SGD (PyTorch)

– Learning Rate: 0.00003

– Weight Decay: 0.0002

– Momentum: 0.90

– Scheduler: ReduceLROnPlateau (PyTorch)

• Training Precision: 16-mixed

• Dropout: 0.30

• Batch Size: 12

• Number of Heads in CAB: 16

• Embedding Dimension: 256

• Output Heads Dimensions: {256; 128}
• Early Stopping, Patience: 10

• Max. Epochs: 100

The models used are subject to the following licenses:

• All three models used in the experiment are licensed under the Apache 2.0 license.

The datasets used are subject to the following licenses:

• The DIAMONDS dataset is licensed under CC BY-NC-SA 4.0 license.

• The CIFAR-10 dataset is not licensed.

• The IMBD dataset is not licensed.
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B.2. Semi-Synthetic Dataset with Dependent Modalities

We further consider a semi-synthetic dataset with dependent modalities. The dataset is based on
amazon marketplace data and contains a product description, a product image and several tabular
features such as price or average ratings (all tabular features can be seen in Table 6). The corre-
sponding semi-synthetic dataset is generated similar to the semi-synthetic dataset in Section 5.1

Y = θ0D + g̃0(X̃) + ε,

D = m̃0(X̃) + ϑ,

where X̃ = log(price) and ε, ϑ ∼ N (0, 1). The outcome Y and treatment D are confounded via
standardized versions of the of the logarithm of the price of the items via

g̃0(X̃) =
log(price)− E[log(price)]

σlog(price)

and

m̃0(X̃) = −g̃0(X̃).

As in the previous dataset the treatment effect is set to θ0 = 0.5 and the confounding effects are
scaled to ensure a signal-to-noise ratio of 2 for Y and D (given unit variances of the error terms).

Table 6: Semi-synthetic dataset descriptive statistics for the tabular data.

Y D1 log(price) Rating Review Count Count FBA Count FBM

count 9207 9207 9207 9207 9207 9207 9207
mean 0.010487 -0.000052 3.063914 -0.000000 0.000000 0.000000 0.000000
std 1.720295 1.729765 0.782993 1.000054 1.000054 1.000054 1.000054
min -10.093060 -6.844529 -1.427116 -9.344589 -0.347623 -0.594732 -0.626514
25%-quantile -1.082308 -1.046593 2.638343 -0.273828 -0.323614 -0.263314 -0.626514
50%-quantile -0.030014 0.023748 2.999226 0.259746 -0.265392 -0.263314 -0.376738
75%-quantile 1.094071 1.075214 3.485232 0.526533 -0.101230 -0.263314 0.122812
max 8.084152 9.062393 6.640359 1.326894 18.271398 17.964712 9.614275

Given the price (or log(price)) of the items the adjustment for confounding is quite straight
forward and leads to well-behaved treatment effect estimates. For example, evaluating an ordinary
least squares regression on the complete generated dataset with log(price) as confounding results in
an estimate θ̂oracle = 0.4919 with a confidence interval of [0.472, 0.512] covering the true parameter
θ0 = 0.5. Instead, if we do not condition on any confounding variables the effect is heavily biased
with an estimate of

θ̂OLS = −0.4494

and a confidence interval [−0.467,−0.431]. Again, since the confounding introduces a negative
bias, the semi-synthetic dataset allows the comparison of different models based resulting treatment
effect estimates. Generally, all effect estimates should lie between −0.4494 and 0.5, where higher
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values indicate a better bias correction. We evaluate our model on all other available features, in-
cluding product descriptions and images, except for price as they are able to explain a certain amount
of variation within the price. The model will suffer the same identification issues as highlighted in
Section 5.1. The price can not be perfectly predicted from the available features, such that a certain
part of the confounding bias can not be accounted for (generally this effect will be much larger as
in Section 5.1 as the signal to noise ratio in the price with respect to the input features is much
smaller). To still be able to evaluate how much variation of log(price), our model is able to capture
we rely on the same relative r2-score defined in Equation (6) based on the explained variation in
treatment and outcome based on log(price)

R2(D, m̃0(X̃)) = 0.6685

R2(Y, l̃0(X̃)) = 0.5799

based on N = 9, 207 observations. These R2 values are upper bounds for the predictive perfor-
mance for our model and highlight how much variation in treatment and outcome can be explained
by the price. The r2-score then refers to the explained variation of the model relative to the upper
bound. As in Section 5.2, we evaluate the Baseline Model, Deep Model and Embedding Model.

The Baseline Model is a standard DML approach, relying only on tabular data. The estimation of
the nuisance elements is based on the LightGBM package (Ke et al., 2017) only using the features
Xtab. Due to the construction of the semi-synthetic data, the resulting estimate should be highly
biased, as the model is only able to account for the part of the confounding, which is generated via
the tabular data.

The Embedding Model also relies on the proposed architecture in Figure 2, but does not use the
generated predictions directly. Instead the generated embedding HC of the unstructured modalities
is used together with the tabular features Xtab as input for a boosting algorithm. Since neural
networks are often outperformed by tree based models, such as gradient boosted trees, on tabular
data (Grinsztajn et al., 2022), the model might perform better on the tabular part of the data, while
still accounting for the information contained in the image and text components.

As pretrained models, we rely on the BEiT model (Bao et al., 2021), RoBERTa model (Loureiro
et al., 2022) and the TabTransformer model (Huang et al., 2020).

To evaluate the impact of using image and text data in addition to tabular data, we compare
the relative r2-score and the effect estimates θ̂ of the Deep Model and Embedding Model further
remove one of the unstructured modalities as input features and re-estimate the treatment effect.
The results are presented in Table 7.
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Table 7: Results for the semi-synthetic dataset with dependent modalities. Reported: mean ± sd.
over five random train-test splits.

Modalites Model r2(Y, l̂) r2(D, m̂) θ̂

tab Baseline 0.1664± 0.0348 0.1792± 0.0274 −0.3508± 0.0182
tab & img Deep 0.5098± 0.0692 0.4915± 0.0269 −0.1718± 0.0205

Embedding 0.4548± 0.073 0.4603± 0.0223 −0.1317± 0.0171
tab & txt Deep 0.5743± 0.012 0.6081± 0.0077 −0.1515± 0.0199

Embedding 0.5682± 0.0193 0.6015± 0.0101 −0.0948± 0.0275
tab & txt & img Deep 0.5931± 0.0101 0.6254± 0.0464 −0.1089± 0.0517

Embedding 0.5453± 0.0124 0.5788± 0.0377 −0.0814± 0.0622

The results are very similar to the semi-synthetic dataset in Section 5.1. The Baseline Model
relies only on tabular data only able to slightly reduce the confounding bias (as the price prediction
is quite hard only based on the tabular features). Additionally adding unstructured data, either in
form of images or text does improve predictive performance of the nuisance estimates and reduces
the confounding bias. Comparing the effect of image and text data, text data seem to contain more
relevant information about prices. Combining all modalities seems to slightly improve the estimates,
but also increase uncertainty as standard errors become larger. The improvement might only be
comparatively small as images and text could contain a lot of similar information. Surprisingly, the
Embedding Model seems to perform better compared to directly using the predicted values, even
with slightly lower r2-scores. One possible explanation of this might be the comparatively small
sample size of N = 9, 207, which might benefit tree models such as boosting to better incorporate
the information from the tabular features.

B.3. Real World Dataset

We analyze the same dataset as in appendix B.2. In the real-world application, we consider the
variable log(price) as treatment and the negative logarithm of the sales rank − log(sales rank) as
outcome. Consider a partially linear regression model (from equation 1 and 2)

− log(sales rank) = log(price) · θ0 + g0(X) + ε, E[ε|X, log(price)] = 0

log(price) = m0(X) + ϑ, E[ϑ|X] = 0.

When interpreting the negative sales rank as a proxy for the quantity of the good demanded, the
causal parameter can be understood as the price elasticity of demand (remark that all additional
controls refer to pre-treatment features).
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Table 8: Results for the semi-synthetic dataset with dependent modalities. Reported: mean ± sd.
over five random train-test splits.

Modalites R2(− log(sales rank), l̂) R2(log(price), m̂) θ̂

tab 0.588± 0.0108 0.2282± 0.0239 −0.137± 0.0277

θ̂Deep θ̂Embedding

tab & img 0.4518± 0.0292 0.5085± 0.0288 −0.2721± 0.0378 −0.2165± 0.0358
tab & txt 0.5574± 0.0255 0.6189± 0.0149 −0.2137± 0.0535 −0.1984± 0.035
tab & txt & img 0.5829± 0.015 0.6532± 0.0184 −0.2794± 0.0436 −0.2669± 0.0623

Mean values of the Deep Model over five random train-test splits. Reported as mean ± standard deviation.
The R2 values refer to the Deep Model.

The results in Table 8 show a large predictive performance increase for the treatment (log(price)),
but not for the outcome (− log(sales rank)). Generally, it seems that tabular features, such as e.g.
Review Count are very good predictors for the sales rank as predictive performance is already quite
good in the baseline model. Using a neural network architecture instead of tree-based models
makes it harder to achieve similar predictive performance on the sales rank and is only achieved
in combination with text data. In contrast to the sales rank the price predictions strongly benefit
from the incorporation of further modalities (all R2(log(price), m̂) are compareable to the relative
r2(D, m̂)-scores from Section B.2). Overall the estimates of price elasticity are consistently larger
in a absolute value and point to a much higher elasticity than baseline estimates.
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