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Abstract

High-dimensional mediation analysis (HMA) seeks to un-
cover complex causal mechanisms involving numerous me-
diators and plays a crucial role in scientific and social sci-
ences. In this work, we introduce the Generative Adversarial
High-dimensional Mediation Network (GAHMN), a novel,
scalable structured generative framework designed for causal
analysis in high-dimensional settings. GAHMN formulates
mediation analysis as dual conditional generative blocks, ex-
plicitly capturing mediators’ dual roles as outcomes influ-
enced by treatments and as predictors affecting outcomes.
Each block integrates a high-dimensional partially linear
structure with multi-channel convolutional layers, promot-
ing effective parameter sharing and enhanced representation
learning. To induce sparsity and accurate mediator selection,
GAHMN employs customized min-max optimization prob-
lems with ℓ1 penalties on generator parameters, alongside
specially designed optimization algorithms for efficient com-
putation. Unlike existing benchmark methods relying on re-
strictive parametric assumptions or random-effect specifica-
tions, GAHMN flexibly captures heterogeneity, complex dis-
tributions, and inter-mediator correlations. With careful de-
sign, the complexity of GAHMN is O(p) rather than O(p2)
(p is the number of mediators) in conventional approach.
Theoretical results rigorously ensures estimation consistency,
convergence rate, and accurate sparse recovery. GAHMN also
serves as a structured generative causal modeling framework,
extending to causal decomposition, structural equation mod-
eling, and counterfactual policy evaluation. Extensive exper-
iments confirm GAHMN’s superior performance and robust-
ness in synthetic and real-world scenarios.

Introduction
Causal mediation analysis (CMA) provides a principled
framework for understanding how an input variable X af-
fects an outcome variable Y through intermediate variable,
known as mediator M . The goal is to decompose the to-
tal effect of X on Y into a direct effect and an indirect ef-
fect transmitted via M . Traditional mediation analysis has
been well studied in low-dimensional settings, where the
number of mediators is small (MacKinnon 2012). However,
in many modern scientific domains, such as genomics (Liu
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et al. 2022), neuroscience (Lindquist 2012), and social sci-
ence (Liu et al. 2021), researchers are increasingly faced
with HMA, where the number of mediators can be substan-
tial. Classical statistical methods encounter significant chal-
lenges in HMA due to the curse of dimensionality, computa-
tional scalability, and modeling flexibility (Zhang, Hou, and
Liu 2021).

Existing benchmark HMA methods extend low-
dimensional models by incorporating regularization
techniques such as LASSO for variable selection and
estimation (Guo et al. 2022; Zhang, Yang, and Yang 2022).
While these methods can partially alleviate dimensionality
issues, they rely on rigid assumptions, such as linearity,
homogeneity, and Gaussianity, that are often violated in
practice. In real-world data from fields such as financial
econometrics (Carpena and Zia 2020), neuroscience (Nath
et al. 2023), and survival analysis (Zhou and Song 2021;
Zhang et al. 2021), the underlying relationships among
variables are often nonlinear, heterogeneous, and influenced
by latent confounders, leading to strong inter-mediator
correlations. In low-dimensional scenarios, these issues can
be addressed by modeling covariance structures or latent
factors explicitly (Celli 2022; Xu, Liu, and Liu 2022).
Yet, such strategies become computationally infeasible
as the number of mediators grows, often requiring O(p2)
model complexity to accommodate heterogeneity and de-
pendencies, where p is the number of mediators. The rigid
assumptions together with quadratic complexity, pose a
bottleneck for accurate high-dimensional inference. (Zeng,
Shao, and Zhou 2021; Yang et al. 2024).

To overcome these limitations, we propose a new ap-
proach to HMA from the perspective of generative learn-
ing. We note that GANs (Goodfellow et al. 2014; Gui et al.
2021) have proven effective in modeling complex distri-
butions, particularly in image generation, where data are
typically high-dimensional, structured, and highly corre-
lated. Inspired by this, we explore the potential of GANs
to effectively model causal mediation mechanisms in high-
dimensional settings.

We introduce a novel generative learning model termed
GAHMN. GAHMN specifically addresses the structural
characteristics of HMA, where mediators simultaneously
function as outcomes influenced by treatments and as pre-
dictors of the final outcome. GAHMN consists of two condi-
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tional GAN (CGAN) modules: the first models mediator dis-
tributions conditioned on treatment exposure, and the second
models outcomes conditioned on mediators and covariates.
Both modules incorporate partially linear structures com-
bined with multi-channel convolutional layers. This design
enables clear causal effect decomposition within a counter-
factual framework, facilitates effective parameter sharing,
and enhances representation learning without compromis-
ing modeling flexibility. Unlike existing benchmark meth-
ods that rely heavily on restrictive parametric assumptions
or random-effect specifications, GAHMN’s carefully de-
signed architecture flexibly captures mediator heterogeneity,
nonlinear interactions, and inter-mediator correlations. The
complexity of GAHMN is O(p) rather than O(p2), substan-
tially improving estimation accuracy and generalization to
large-scale causal inference problems. To encourage spar-
sity and accurate mediator selection, we propose two cus-
tomized min-max optimization problems with ℓ1 penalties
imposed on generator parameters, accompanied by special-
ized optimization algorithms ensuring efficient computation
and stable training.

Beyond HMA, GAHMN serves as a structured generative
causal modeling framework applicable to broader tasks, in-
cluding causal decomposition, structural equation modeling,
and counterfactual policy evaluation. We rigorously estab-
lish statistical properties, including estimation consistency,
convergence rate, and sparse recovery. Extensive numeri-
cal experiments conducted on both synthetic and real-world
datasets validate the superior performance and robustness of
our proposed approach.

Benchmark Methods and Limitations
Notations and Benchmark Methods
Causal mediation analysis decomposes the total treatment
effect into a direct effect and an indirect effect through me-
diators (MacKinnon 2012). In the following, let X ∈ Rd

denotes covariates, M ∈ Rp the mediators, T ∈ {t0, t1}
the binary treatment, and Y ∈ R the outcome. For each
sample i = 1, . . . , n, we observe (Xi,M i, Ti, Yi). We as-
sume M is high-dimensional and sparse, meaning only a
few mediators transmit the effect of T to Y . We investi-
gate HMA problems under counterfactual framework (Imai,
Keele, and Tingley 2010). When Ti = t1, the factual out-
comes M i(t1) and Yi(t1,M i(t1)) are observed. The un-
observed counterfactuals include M i(t0), Yi(t1,M i(t0)),
and Yi(t1,M

(−k)
i (t1)). When Ti = t0, the reverse holds.

Our objective is to learn the conditional distributions of M
and Y given (T,X). The benchmark mediation model can
be generally formulated as follows:{

M = β1 + aT + g1(X) + ϵ1,

Y = β2 + c′T + b⊤M + g2(X) + ϵ2.
(1)

where g1(·) and g2(·) are unknown linear or nonlinear func-
tions. The indirect effect is given by a ⊙ b, and parame-
ters can be estimated via OLS, MLE, or SEM-based meth-
ods (Valente et al. 2020; Gunzler et al. 2013; Yuan and Qu
2024; Hu et al. 2024). In high-dimensional settings, it is of-
ten assumed that only a small subset of mediators are active.

Penalized regression methods such as LASSO, SCAD, and
Elastic Net are used to identify relevant mediators (Guo et al.
2022; Wei et al. 2025; Jacobucci, Brandmaier, and Kievit
2019). These allow flexible modeling of confounding while
retaining interpretability. A two-step estimation is typically
used to recover active mediators and their corresponding ef-
fects (Cai et al. 2022; Wang and Huang 2024). Further re-
views of existing HMA methods and counterfacual frame-
work are presented in Appendix A.

Limitations
Despite their effectiveness, the existing HMA methods face
several major limitations:

Restrictive random assumptions: The random terms ϵ1
and ϵ2 are assumed to be normally distributed and ho-
moscedastic to facilitate estimation and inference. How-
ever, mediation analysis data from individuals (Hayes 2017;
Preacher and Hayes 2008; Xie, Zou, and Qi 2018) exhibit
significant complexity and heterogeneity, making these as-
sumptions overly restrictive. The covariates X are treated
additively and independently of the noise terms, ignoring
their interactions. This limits their ability to capture hetero-
geneity and individual-level variation.

Inadequate modeling of mediator dependencies: The me-
diators are often driven by underlying common factors, re-
sulting in non-negligible correlations. Assuming conditional
independence among mediators oversimplifies their com-
plex interactions and may lead to biased estimates. Tradi-
tional approaches, such as modeling the covariance matrix
of ϵ1, are effective in low-dimensional settings but become
infeasible in high-dimensional contexts due to parameter ex-
plosion (O(p2)).

Limitations of likelihood methods: Likelihood-based
methods (Yuan and MacKinnon 2009; Sun and Song 2024)
provide asymptotically efficient estimators under correct
model specification (e.g., achieving the Cramér-Rao lower
bound) but are highly sensitive to misspecification and re-
quire strong distributional assumptions. These challenges
necessitate more flexible and robust alternatives.

Within the counterfactual framework, estimating unob-
served potential outcomes requires modeling the conditional
distribution of outcomes given treatment, mediators, and co-
variates. CGANs offer a flexible and assumption-light alter-
native by learning the conditional distribution via adversar-
ial training. These advantages motivate us to use CGANs
for HMA problems, providing a more robust and flexible
approach under the counterfactual perspective.

Methodology
Corresponding to (1), GAHMN consists of two distinct com-
ponents: a mediation block and an outcome block, both con-
structed using CGANs.

The Mediator Block of GAHMN
Corresponding to the first equation of (1), the generator of
the mediator block is given by

M̂ = GM (ZM , T,X; θGM
), (2)
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Figure 1: The Network Structure of GM .

where M̂ represents the generated p-dimensional mediator,
ZM ∼ N(0, IdM

) is a dM -dimensional i.i.d. noise. θGM

represents model parameters. The network structure is il-
lustrated in Figure 1. The input layer of GM consists of
(ZM , T,X), where ZM and X constitute a fully-connected
neural network (FNN). The FNN maps ZM and X into a
latent feature representation by a hidden layer with dL neu-
rons. We reshape the extracted latent features into a tensor of
size (1, 1, dL), then, T is appended as the (dL + 1)th chan-
nel, augmenting the tensor to dimension (1, 1, dL + 1). A
1× 1 convolutional kernel is applied to this tensor. This op-
eration produces an output tensor with p channels and each
channel involves dL+1 weight parameters. Specifically, the
(dL + 1)th weight parameter of each channel, associated
with T , forms a high-dimensional partially linear structure
that quantifies the direct effect of the treatment on each cor-
responding mediator, providing a clear interpretation within
the learned representation. The discriminator in the media-
tor block, denoted as DM (M , T,X) is implemented by an
FNN with parameters θDM

. The output layer of DM consists
of p neurons and activated by sigmoid function.
Minmax Loss Function In HMA, the influence of of T on
M is sparse. The expected change in M when T changes
from t0 to t1 is E(M(t1) − M(t0)), and only a few ele-
ments of this difference are expected to deviate significantly
from zero. By GM , for any given individual i, we can gener-
ate its factual and counterfactual under both treatments, i.e.,
GM (ZM , t1,Xi; θGM

) and GM (ZM , t0,Xi; θGM
). The

minmax optimization for the mediation block is given by
min
θGM

max
θDM

EM∼Pdata
[logDM (M , T,X)]

+EZM
[log(1−DM (GM (ZM , T,X), T,X))]

+λ1EZM
||GM (ZM , t1,X)−GM (ZM , t0,X)||1, (3)

where λ1 is a hyperparameter use for balancing. The first
two terms drive the model to learn the conditional distribu-
tion associated with M , T and X . The third term is intro-
duced to identify the sparsity associated with T .

The Outcome Block of GAHMN
Corresponding to the second equation of (1), the generator
of the outcome block is given by

Ŷ = GY (ZY , T,X,M ; θGY
), (4)

where Ŷ is the generated outcome, ZY ∼ N(0, IdY
) is a

dY -dimensional i.i.d. noise. θGY
represents the network pa-

rameters. The network structure is shown in Figure 2. The

Figure 2: The Network Structure of GY .

input layer of GY consists of (ZY , T,X,M), where ZY

and X constitute a multiple-layer FNN, while T and M
are in the last hidden layer, forming a partially linear struc-
ture. The discriminator in the mediator block, denoted as
DY (Y,M , T,X; θDY

) is implemented as an FNN with pa-
rameters θDY

.
Minmax Loss Function In the both blocks, we encounter
challenges related to high dimensionality. The key differ-
ence is that in the mediator block, M appears as a high-
dimensional output variable, whereas in the outcome block,
M serves as an input to the model. M is continuous with
M i varying substantially across individuals. As the dimen-
sionality of M increases, the observed set {M i}ni=1 be-
comes more diverse, and more gaps between different sam-
ples associated with M is arise, there may be few or even no
samples corresponding to certain conditions. This can lead
to poor generalization when the generator encounters a new
condition that is not observed in the training set. It is impor-
tant to note that the generator GY is used to describe the
conditional distribution P (Y |T ,X,M). For continuous-
valued conditioning variables, we want a minor perturbation
to the condition to only slightly disturb the conditional distri-
bution, meaning that the distribution obtained by GY should
shift smoothly as we change M gradually.

To improve the generalization and identify the mediators
that truly influence the outcome, we introduce the following
partially L1 regularization

LRY (G) = EZY ∼N(0,IdY
)

T,M ,X∼Pdata

∥ ▽M GY (ZY , T,X,M)∥1,

(5)
where ∇MGY denotes the gradient vector of the generator
GY with respect to the mediator input M . This regulariza-
tion term penalizes the ℓ1-norm of the mediator gradients,
encouraging sparsity in the functional dependency of the
outcome on mediators, and thus enhancing interpretability
and variable selection.

By integrating this regularization term, we have the fol-
lowing minmax optimization for the outcome block

min
θGY

max
θDY

EY∼Pdata
[logDY (Y,M , T,X)]

+EZY
[log(1−DY (GY (ZY , T,X,M),M , T,X))]

+λ2LRY (G). (6)
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where λ2 is a hyperparameter. An appropriate λ2 can bring
both accurate predictions and identification of sparsity.

Training of GAHMN
We adopt a stepwise estimation approach to train the two
blocks. Each iteration of the optimization of (3) is in three
steps. First, we update θDM

by maximizing the first two
terms using the Adam. Second, with θDM

fixed, we up-
date θGM

by minimizing the same two terms. Third, we fur-
ther refine θGM

by minimizing EZM
∥GM (ZM , t1,X) −

GM (ZM , t0,X)∥1 using the proximal gradient method
(PROX) (Parikh, Boyd et al. 2014). The updated parameters
are passed to the next iteration. Similarly, the optimization
of (6) also follows a three-step process in each iteration. The
first two steps involve standard GAN training: we alternately
update θDY

and θGY
via min-max optimization using Adam.

In the third step, we update θGY
by minimizing LRY (G) us-

ing the PROX. The update schemes of GAHMN are further
specified in Algorithm 1 in Appendix B.

Estimating Direct and Indirect Effects
The well trained GAHMN is used to generate counter-
factuals for mediation analysis. For a given individual i
(i = 1, 2, . . . , n), we sample ZMi

(j)s from N(0, IdM
).

j = 1, 2, . . . , Ng . The generated M is under different treat-
ments are:

M̂ i(t,ZMi
(j)) = GM (ZMi

(j), t,Xi; θ̂GM
), (7)

where t = t0, t1. By averaging these generated mediator
values, we can compute the filtered factual for M i.

M̂ i(t) =
1

Ng

Ng∑
j=1

M̂ i(t0,ZMi
(j)). (8)

Then, the counterfactual associated with M
(−k)
i is given by

M̂
(−k)

i (t1) = M̂ i(t1)⊙ T k + M̂ i(t0)⊙ (1 − T k), (9)

where T k is a p-dimensional vector with 0 at the k-th posi-
tion and 1 elsewhere. 1 is a p-dimensional vector of all ones.
⊙ denotes element-wise product. In the following, Z1

Yi
(j),

Z2
Yi
(j) and Z3

Yi
(j) (j = 1, 2, . . . Ng) are independently

sampled from N(0, IdY
). All the treatment/mediation ef-

fects are calculated under counterfactual framework.

The Direct Effect Let Ŷi(t,M̂ i(t0),Z
1
Yi
(j))s (t = t0, t1)

denote the generated values of Yi under varying treatments.
The generated values are computed by

Ŷi(t,M̂ i(t0),Z
1
Yi
(j))=GY (Z

1
Yi
(j),M̂ i(t0), t,Xi; θ̂GY

).

Then, the direct effect can be estimated as

△T→Y =
1

Ng

1

n

Ng∑
j=1

n∑
i=1

(
Ŷi(t1,M̂ i(t0),Z

1
Yi
(j))

−Ŷi(t0,M̂ i(t0),Z
1
Yi
(j))

)
. (10)

The Total Indirect Effect The generated outcomes
Ŷi(t1,M̂ i(t1),Z

2
Yi
(j))s and Ŷi(t1,M̂ i(t0),Z

2
Yi
(j))s,

are computed as follows: Ŷi(t1,M̂ i(t),Z
2
Yi
(j)) =

GY (Z
2
Yi
(j),M̂ i(t), t1,Xi). where t = t0, t1. Then, the

total indirect effect can be calculated as

△T→M→Y =
1

Ng

1

n

Ng∑
j=1

n∑
i=1

(
Ŷi(t1,M̂ i(t1),Z

2
Yi
(j))

−Ŷi(t1,M̂ i(t0),Z
2
Yi
(j))

)
. (11)

The Indirect Effects Through a Given Mediator For ∀k
(k = 1, 2, . . . , p), with M̂ i(t1), M̂

(−k)

i (t1) and the gen-
erated outcomes by ĜY , the indirect effect through the kth
mediator can be estimated as

△T→Mk→Y =
1

Ng

1

n

(
Ŷi(t1,M̂ i(t1),Z

3
Yi
(j))

−Ŷi(t1,M̂
(−k)

i (t1),Z
3
Yi
(j))

)
.(12)

Confidence Intervals (CI) The CIs of the treatment ef-
fects can be established by the quantiles of mimic results.

The block diagram of GAHMN is summarized and pre-
sented in Figure 3 .

Discusssions
GAHMN demonstrates several promising properties and no-
table advantages.

Modeling mediator inter-correlations and heterogeneity.
In contrast to the benchmark methods relying on restric-
tive distributional assumptions, GAHMN utilize ZM and
ZY to represent latent noise components, which are trans-
formed through deep networks to approximate complex and
potentially correlated distributions of ϵ1 and ϵ2. This elim-
inates the need to explicitly estimate a p × p covariance
matrix for inter-mediator correlations, reducing model com-
plexity. Furthermore, the architecture places ZM , ZY , and
X jointly in the input layer, allowing interactions between
covariates and latent noise, and enabling the model to natu-
rally capture individual-level heterogeneity.

Scalable mediation modeling. In conventional frame-
works, each mediator is treated through an independent sub-
equation, leading to excessive complexity when p is large.
GAHMN addresses this by employing a shared neural net-
work with a 1× 1 convolution layer, allowing all mediators
to share input layers while maintaining unique output chan-
nels. This design permits parameter sharing, improves scala-
bility, and captures mediator-specific treatment effects using
a single CGAN, rather than p separate models.

Improving generalization. For a given treatment T ∈
t⋆0, t

⋆
1, we can only observe samples of the form

(Y,X,M(t⋆0), t
⋆
0) or (Y,X,M(t⋆1), t

⋆
1), while the coun-

terfactuals (Y,X,M(t⋆1), t
⋆
0) and (Y,X,M(t⋆0), t

⋆
1) re-

main unobserved. As a continuous neural network, GY

must extrapolate to these unseen counterfactuals using its
learned mappings over (X,M , T ). However, the distances
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Figure 3: Block Diagram of GAHMN. The Mediator Block and Outcome Block are GANs for generating high-dimensional
mediators and outcomes, respectively. The Regularization Block selects relevant mediators via sparsity penalties. The Estima-
tion Block computes mediation effects by generating counterfactual outcomes Ŷ using the learned generators GM and GY .

between observed and counterfactual configurations—such
as ||(M(t⋆1), t

⋆
0) − (M(t⋆0), t

⋆
0)||—can be large, especially

when M is high-dimensional. This makes extrapolation
along the (M , T ) axis both difficult and error-prone. To ad-
dress this, we employ two strategies. First, inspired by Oc-
cam’s Razor, we design a simpler network architecture by
placing M and T as linear components in the shallow layers,
while embedding ZY and X in deeper layers. This reduces
model complexity along the extrapolation path. Second, we
impose a regularization term on the partial derivatives of GY

with respect to M , promoting smoothness along the M di-
mension. These strategies collectively enhance the extrapo-
lation capability and robustness of the outcome generator.

Handling sparsity. Not all mediators contribute to the out-
come, nor are all affected by the treatment. To identify the
effective ones, GAHMN incorporates sparsity-inducing ℓ1
regularizations on the gradient of GM and GY . In the par-
tially linear structures, this reduces to a LASSO-like penalty
on generators, effectively promoting sparsity. The model
can perform automatic variable selection, enhancing inter-
pretability by pinpointing key mediators that transmit treat-
ment effects and yielding meaningful mediation pathways.

Theoretical View
Since both blocks are formulated by a general high-
dimensional partially linear framework, we propose a uni-
fied approach to establish their convergence results. Let V
and X denote the conditioning variables, Y denote the out-
come variable. The generating processes for both blocks can
be expressed in the following partially linear form.

Yi = βTV i + g(Xi,Zi), (13)

where Zi is out-source noise, and g is an unknown nonlin-
ear term. For fitting the process according to our proposed
approach, we have a generating function as follows

Ŷi = Ĝβ,GF
(Vi, Xi, Zi) = β̂

T
V i + ĜF (Xi,Zi), (14)

where ĜF is an flexible engough FNN. For simplicity, Y is
set as one-dimensional.

To be concrete, the estimated Ĝβ,GF
is obtained through

(Ĝβ,GF , D̂) = min
G∈G

max
D∈D

Ln(G,D)

≡ min
G∈G

max
D∈D

λ∥β∥1 +
1

n

n∑
i=1

[logD (Yi, Vi, Xi)]

+
1

n

n∑
i=1

[log (1−D (G (Vi, Xi, Zi) , Vi, Xi))] ,

where G,D are the functional spaces spanned by FNN and
λ > 0 controls penalty strength, bringing sparsity among β̂.

For (13) and (14), we have following assumptions.
• (A1): The target generative model G∗ exists, and its lin-

ear form is G∗(v, x, z) = β∗⊤v + G∗
F (x, z), where

∥β∗∥1 < ∞, and G∗
F is continuous and its L∞ norm

is upper bounded by constant B.

• (A2): PV ,X,Y

PV ,X,Y +PV ,X,Ŷ
is lower and upper bounded.

• (A3): GF is a ReLU-based FNN with the whole model
size S, depth H , width W . As sample size n goes to in-
finity, HW → ∞ and BSH logS log n/n → 0.

• (A4): D is implemented using a ReLU-based FNN, sat-
isfying the same parameter constraints of GF .

• (A5): Yi|V i,Xi is sub-gaussian.
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• (A6): V satisfy Restricted Eigenvalue (RE) condition
over S with pararmeters (κ, α): 1

n∥V ∆∥22 ≥ κ∥∆∥22 for
all ∆ ∈ Cα(S) : = {∆ ∈ Rp|∥∆Sc∥1 ≤ α∥∆S∥1}.

• (A7): β∗ is supoported on a subset S ⊆ {1, 2, . . . , p}
with |S| = s ≪ p.

Let PV ,X,Ŷ and PV ,X,Y be the densities of (V ,X, Ŷ ) and
(V ,X, Y ), respectively. Before presenting the convergence
results, We first present the following two lemmas.
Lemma 1. Let DTV and DJS denote the total variance and
JS divergence, respectively. We have

D2
TV (PV ,X,Ŷ , PV ,X,Y ) ≲ DJS(PV ,X,Ŷ ||PV ,X,Y ).

Lemma 2. Let P and Q be sub-Gaussian with means µP and

µQ, and variances σ2
P and σ2

Q, respectively. M =
σ2
P+σ2

Q

2 .
The JS divergence follows:

DJS(P∥Q) ≤ (µP − µQ)
2

8σ2
M

,

where σ2
M =

σ2
P+σ2

Q

2 is the variance of M = P+Q
2 .

Theorem 1. Under (A1)-(A7), if λ = O
(√

log p
n

)
, then

PV ,X,Ŷ → PV ,X,Y .

If the linear parameters converge, the mediation effect esti-
mates will also converge. At population level, we attempt to
obtain an optimal generator G⋆ and its associated β⋆ that
mimimizes DJS(PV ,X,Ŷ ||PV ,X,Y ).

Corollary 1. Let G⋆ be the minimimizer of the JS-
divergence DJS(PV ,X,Ŷ ||PV ,X,Y ).

G⋆ ∈ argmin
G

DJS(PV ,X,Ŷ ||PV ,X,Y ),

if and only if PV ,X,Ŷ = PV ,X,Y , which yields β⋆ = β.

These theoretical results demonstrate the convergence of
our new method. We defer all the proofs to Appendix C.

Synthetic Experiment
The data-generating process is defined as:

Mk
i = akTi + gk(X1,i, X2,i) + ϵk,i,

Yi = 2− 0.5Ti +

p∑
k=1

bkM
k
i

− 2
√
|X1,i + 5|+ sin(1.5X2,i) + εi,

(15)

where k = 1, 2, · · · , 500 (p = 500) and i = 1, 2, · · · , 1000.
For ∀i, Ti ∈ {0, 1} with equal probability. X1,i and
X2,i are independently drawn from N(0, 1). Let ϵi =
[ϵ1,i, ϵ2,i, · · · , ϵp,i], and ϵi ∼ N(0,Σ∗). Σ∗ combines au-
toregressive correlation and heteroskedasticity. Specifically,
its (i0, j0)-th element is given by ρ|i0−j0|∗(0.1+0.3|X1,i|+
0.3Ti). εis follow N(0, 1). gk(X1,i, X2,i) is defined as

gk(X1,i, X2,i) = δk,1X1,i + δk,2X2,i + δk,3X
2
1,i

+δk,4X
2
2,i + δk,5X1,iX2,i,

Method DE CI TIE CI

A
GAHMN 0.502 [0.485, 0.517] 2.720 [2.565, 2.824]
HIMA 0.478 [0.153, 0.785] 2.702 [2.417, 2.988]
PLSEM 0.492 [0.469, 0.515] 2.680 [2.646, 2.714]
Guo (2023) 0.618 [0.378, 0.828] 2.554 [2.247, 2.857]

B

GAHMN 0.501 [0.494, 0.521] 3.501 [3.356, 3.624]
HIMA 0.466 [0.204, 0.764] 2.714 [2.431, 2.985]
PLSEM 0.491 [0.463, 0.527] 3.459 [3.425, 3.492]
Guo (2023) 0.533 [0.356, 0.649] 3.455 [3.212, 3.706]

Table 1: Comparison results under different settings. The
true values of the direct and total indirect effects are (0.5,
2.8) under Setting A and (0.5, 3.6) under Setting B. The best
results are highlighted in bold and underlined.

where δk,1, δk,2, δk,3, δk,4 and δk,5 are independently drawn
from U [−1, 1]. aks and bks, are configured according to the
following two settings:

A. a1:p = [1.6, 1.2, 0.8, 0.4, 1.6, 0, 0, 0, 0, . . . , 0],
b1:p = [0, 0, 1, 1, 1, 1, 1, 0, 0, . . . , 0].

B. a1:p = [1, 1, 1, 1, 1, 0, 0, 0, 0, . . . , 0],
b1:p = [0, 0, 1.6, 1.2, 0.8, 0.4, 1.6, 0, 0, . . . , 0].

In both settings, the first five elements of a1:p are nonzero,
and the 3rd to 7th elements of b1:p are nonezero, which
means only the indirect pathways through M3, M4 and M5

contribute to the mediation effects. Experiments under more
settings are presented in Appendix D.1.

Baselines We compare our method with three baseline
ones. The first is HIMA (Zhang et al. 2016), which as-
sumes a linear structural model and identifies mediators via
joint significance testing. The second is Guo et al. (2023),
which estimates the total indirect effect using a partially pe-
nalized framework, focusing on the aggregate mediation ef-
fect rather than individual pathways. The third is PLSEM by
Cai et al. (2022), which formulates the mediation problem
under a partially linear structural equation model, employ-
ing spline regression to capture nonlinearity and adaptive
LASSO for variable selection.

Experimental Settings Among the 1,000 generated sam-
ples, 800 are randomly selected for training while the re-
maining 200 are reserved for treatment effect estimation. We
set Ng = 1000 to compute direct and indirect treatment ef-
fects via equations (10)–(12). The 95% CIs are constructed
using the empirical 2.5th and 97.5th percentiles across the
Ng repetitions. Additional training details, including net-
work architectures and optimization configurations, are pro-
vided in Appendix D.2.

Experiment Results Table 1 presents the estimated direct
and total indirect treatment effects (DE and TIE) with 95%
CI. Table 2 presents the estimated indirect effects by rel-
evant mediators (M1 to M7). We highlight the following
key findings: First, GAHMN consistently achieves the most
accurate point estimates across all the settings. Second, re-
garding CIs, GAHMN provides tighter intervals that contain
the ground truth. Third, GAHMN can effectively identify the
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Figure 4: Learning results on real data. The left panel shows the top 10 mediators most affected by treatment T (via GM ), and
the middle panel shows the top 10 mediators with the strongest influence on outcome Y (via GY ). The right panel reports the
mediators selected by GAHMN and their estimated direct (DE) and indirect effects (IEp = △T→Mp→Y ).

Setting A Setting B

△T→M1→Y
0.043(0)

[0.029, 0.055]
0.034(0)

[0.030, 0.038]

△T→M2→Y
0.005(0)

[−0.086, 0.043]
0.003(0)

[−0.007, 0.010]

△T→M3→Y
0.768(0.8)

[0.710, 0.806]
1.565(1.6)

[1.492, 1.633]

△T→M4→Y
0.352(0.4)

[0.294, 0.394]
1.193(1.2)

[1.142, 1.246]

△T→M5→Y
1.628(1.6)

[1.564, 1.691]
0.769(0.8)

[0.730, 0.805]

△T→M6→Y
−0.040(0)

[−0.072,−0.009]
−0.012(0)

[−0.032, 0.006]

△T→M7→Y
−0.035(0)

[−0.074, 0.002]
−0.049(0)

[−0.121, 0.019]

Table 2: Indirect effects and their 95% CI by GAHMN under
Settings A and B (true values shown in parentheses).

sparsity of mediation structures. Numerical results on more
settings are presented in Appendix D.3.

Empirical Experiment
Macroeconomic shocks exert heterogeneous impacts across
industry sectors, reflected in firm-level financial indicators
(Guo et al. 2023). We aim to examine whether financial
statement metrics mediate the relationship between indus-
try classification and stock returns during the U.S.–China
trade conflict. Prior studies (Itakura 2020; Fajgelbaum and
Khandelwal 2022) document uneven effects across sectors,
with Electronics & ICT, Electrical, and Agriculture particu-
larly affected by demand shocks and tariffs. Using firm-level
financial data, we identify key mediators that explain how
industry classification influences stock performance.

We collect data from 2,601 A-share listed compa-
nies excluding traditional manufacturing from the CSMAR
database. The outcome variable (Y ) is quarterly stock return
from Q1 2018 to Q4 2020. The treatment variable (T ) in-
dicates high-tech manufacturing sector membership (T = 1
for high-tech, T = 0 otherwise), including computer equip-
ment, software, internet services, instrumentation, and phar-
maceutical manufacturing. Potential mediators (M ) com-
prise 94 financial statement indicators (e.g., debt-to-asset ra-

tio, current ratio). Two covariates (X), market capitalization
and ownership concentration, are included. The training de-
tails are presented in Appendix E.1.

Figures 4 illustrates how GM and GY identify treatment-
relevant and outcome-relevant mediators. We notice that
estimates converge after approximately 300 epochs, with
17 mediators exhibiting non-zero indirect effects. The es-
timated effects of these mediators and comparisons in terms
of predicting error are provided in Appendix E.2 and E.3.
Table 3 summarizes the treatment effect estimates. GAHMN
delivers accurate and stable total effect estimates with nar-
row confidence intervals. Indirect effects are small and
statistically insignificant, avoiding overstatement of medi-
ation pathways. In contrast, HIMA and Guo(2023) pro-
duce inflated indirect effect estimates due to linear model-
ing assumptions, while PLSEM exhibits higher variability.
GAHMN selects fewer mediators, enhancing sparsity and
interpretability in high-dimensional settings.

Method DE CI TIE CI # M.

GAHMN -0.14 [-0.15, -0.13] 0.04 [-0.11, 0.17] 17
HIMA -0.11 [-0.17, -0.05] 0.43 [0.39, 0.47] 29
PLSEM -0.13 [-0.19, -0.07] 0.30 [-0.38, 0.98] 32
Guo (2023) -0.11 [-0.17, -0.06] 0.44 [0.40, 0.48] N/A

Table 3: Estimated treatment effects for real data. “# M.”
indicates the number of mediators selected by each method.

Conclusion
In this work, we propose GAHMN, a novel GAN-based
HMA method. GAHMN leverages the expressive capac-
ity of generative models to capture complex nonlineari-
ties, heterogeneity, and mediator correlations. By embed-
ding partially linear structures, multi-channel convolutions,
and targeted regularization into its architecture, GAHMN in-
tegrates domain knowledge and structural priors while main-
taining interpretability and scalability. We provide solid the-
oretical results to prove the convergence of our new method.
Extensive numerical experiments are presented to illus-
trate the superior performance of GAHMN. Our proposed
method also offers a promising foundation for applying gen-
erative modeling to a broader class of high-dimensional ma-
chine learning/statistical problems.
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