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Abstract

Accurate dose–response forecasting under
sparse sampling is central to precision
pharmacotherapy. We present the Amor-
tized In-Context Mixed-Effect Transformer
(AICMET) model, a transformer-based,
latent-variable framework that unifies mech-
anistic compartmental priors with amortized,
in-context Bayesian inference. AICMET
is pre-trained on hundreds of thousands of
synthetic pharmacokinetic trajectories with
Ornstein-Uhlenbeck priors over the parame-
ters of compartment models, endowing the
model with strong inductive biases and en-
abling zero-shot adaptation to new com-
pounds. At inference time, AICMET is con-
ditioned on the collective context of previ-
ously profiled trial participants, generating
calibrated posterior predictions for newly en-
rolled patients after a few early drug concen-
tration measurements. This capability col-
lapses traditional model development cycles
from weeks to seconds, while preserving some
degree of expert modelling. Experiments
across public datasets show that AICMET
attains state-of-the-art predictive accuracy,
and faithfully quantifies inter-patient vari-
ability — outperforming both nonlinear
mixed-effects baselines and recent neural
ODE variants.

Our code repository1, pretrained model and
tutorials2 are available online.

1https://github.com/cesarali/aicmet
2https://fim4science.github.io/OpenFIM/intro.

html

Proceedings of the 29th International Conference on Arti-
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Morocco. PMLR: Volume 300. Copyright 2026 by the au-
thor(s).

1 INTRODUCTION

Recent advances in scalable, deep-learning techniques
have brought the long-standing vision of truly per-
sonalized therapeutics — often described as the “holy
grail” of precision medicine — within practical reach,
positioning them as a cornerstone of modern drug de-
velopment and therapeutic use. Yet a key challenge re-
mains markedly underexplored in contemporary neu-
ral architectures: the principled modelling of an en-
semble of longitudinal, patient-specific response tra-
jectories, as a function of administered doses, and with
few observations per individual.

Traditionally, pharmacokinetic (PK) modelling relies
on systems of ordinary differential equations (ODEs)
to describe the temporal evolution of drug concen-
trations within the body. In clinical trials, however,
the available data are typically sparse — often con-
sisting of only a handful of observations per individ-
ual. To compensate, classical approaches employ Non-
linear Mixed-effects (NLME) models, in which ODE
parameters are decomposed into fixed effects (captur-
ing population-level kinetics) and random effects (ac-
counting for inter-individual variability). This hier-
archical strategy (i.e, fixed vs random, population vs
individual) enables the sharing of statistical strength
across subjects, while preserving subject-specific infer-
ence, even under limited observation regimes (Lavielle,
2014).

Despite their successes, these traditional pipelines re-
quire manual specification of drug-specific kinetic sys-
tems — often crafted de novo for each compound
— along with labor-intensive calibration and training
workflows. Some deep learning alternatives have been
proposed for individual-level inference in rich data set-
tings, such as neural ODEs (Lu et al., 2021). However,
the specific challenge of representing sparse hierarchi-
cal data, critical for robust population-level inference,
has not been addressed so far.

A modern framework should retain the representa-
tional flexibility of neural-ODE-like models, while re-

https://github.com/cesarali/aicmet
https://fim4science.github.io/OpenFIM/intro.html
https://fim4science.github.io/OpenFIM/intro.html
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maining data-efficient and population-aware. In par-
ticular, it must handle sparse and irregular sampling,
and it should explicitly capture the latent structure of
the study population — i.e., shared dynamics across
patients together with individual-specific variability.
This enables generalization across compounds, sub-
jects, and study designs, while adapting to patient-
specific observations.

One promising family of methods that meets (some of)
these requirements are Amortized In-context Inference
Models: pretrained neural networks that adapt to new
tasks directly from context data, enabling zero-shot
generalization, and reducing the need for costly re-
training (or finetuning) on every new dataset. Two re-
cent representatives are Prior-fitted Networks (PFNs)
and Foundation Inference Models (FIMs). PFNs are
transformer-based models pretrained on large syn-
thetic datasets to perform in-context estimation of pre-
dictive posterior distributions for tabular data, given
only a few supervised examples (Müller et al., 2022;
Hollmann et al., 2022; Müller et al., 2025). FIMs, by
contrast, are trained on simulations of thousands of dy-
namical systems to map observed trajectories (i.e. the
context) directly to their infinitesimal generators in a
zero-shot fashion (Berghaus et al., 2024, 2026; Seifner
et al., 2025b,a; Mauel et al., 2026; Hinz et al., 2025).
Both PFNs and FIMs fall under the broader umbrella
of simulation-based inference.

In this work, we translate these methodologies to
mixed-effects pharmacokinetic models. Indeed, simi-
lar to FIMs, we place a broad prior distribution over
compartmental PK models by assigning a stationary
Ornstein–Uhlenbeck (OU) process to their parameters
Overgaard et al. (2005). We use this prior to gener-
ate a large synthetic training corpus of PK trajecto-
ries, encoding strong pharmacological inductive biases.
Unlike FIMs — but akin to PFNs — we focus on the
posterior predictive distribution of partially observed
systems. To this end, we introduce a hidden-variable
formulation that operates in context, inspired by neu-
ral processes (Garnelo et al., 2018; Nguyen and Grover,
2022) but extended with a hierarchical structure: a
global latent representation that captures population-
level effects, while local latents account for patient-
specific deviations. The model is trained to match the
prior distribution over PK models.

This design allows the model to both generate
synthetic patient trajectories, and deliver dose-
conditioned predictions for newly enrolled patients, by
exploiting the collective information from previously
profiled trial participants contained in its context. In
turn, it enables characterization of inter-patient vari-
ability, assessment of safety margins under covariate
shifts, and quantification of predictive uncertainty —

key requirements for adaptive trial design and regula-
tory submission.

Our main contributions are:

1. We introduce a simulator that places stochastic
priors on compartmental PK models, and use it
to generate a large corpus of synthetic PK tra-
jectories. We empirically show that the resulting
corpus encodes strong pharmacological inductive
biases, enabling models trained on it to generalize
to both clinical trials and pre-clinical studies.

2. We present the Amortized In-Context Mixed-
Effect Transformer (AICMET) model, a
transformer-based, hierarchical, latent-variable
model for pharmacokinetics — to our knowl-
edge, the first capable of amortized, in-context
posterior prediction — pretrained to match our
synthetic training distribution. We demonstrate
that it achieves competitive zero-shot perfor-
mance across compounds and subjects when
compared to NLME and neural ODE baselines.

2 RELATED WORK

Machine learning solutions for NLME modelling span
a wide range of methodologies, from traditional non-
parametric Gaussian process regression methods (Shi
et al., 2012; Leroy et al., 2022) to more scalable vari-
ants that condition the GP mean functions on neu-
ral networks (Chung et al., 2020). Neural ODE-based
approaches have also been applied in this context
(Nazarovs et al., 2022), although they typically im-
pose a linear dependence on the fixed effects, and still
rely on computationally expensive and often unsta-
ble adjoint methods for training. Specifically tailored
solutions for pharmacokinetics (Lu et al., 2021) have
demonstrated that neural ODEs can learn both com-
plex latent dynamics and response times as a function
of dosing schemes. However, these methods are gen-
erally trained on large datasets and ignore the hier-
archical, population-level structure central to NLME
modeling.

Closer to our setting, Arruda et al. (2024) follow the
classical simulation-based inference pipeline, where the
goal is to infer parameters of a fixed simulator tai-
lored to NLME modeling. However, amortization oc-
curs only at the simulator level. They still train a new
population model for each dataset, and their method
is restricted to population models with tractable den-
sities. Our approach moves amortization one step fur-
ther. Rather than learning a dataset-specific popula-
tion model, we infer the posterior predictive distribu-
tion directly from the context data, in the spirit of
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PFNs. As a result, the same pretrained model can be
deployed off-the-shelf across downstream datasets.

Thus, our proposal provides an alternative to existing
approaches by combining compartmental priors with
amortized in-context inference, enabling zero-shot
adaptation from sparse, irregularly sampled data while
explicitly capturing both population- and individual-
level variability.

3 PROBLEM DEFINITION

Let us assume we have access to a pharmacokinetic
study, which consists of noisy concentration measure-
ments collected from a cohort of I individuals. We
denote this study by S = {D1, . . . ,DI}. Let Di =
(ui, τ i,Yi) correspond to the data associated to the
ith individual, with ui the initial dosing informa-
tion (a tuple containing its value (ui1) and dosing
route (ui2)), τ

i = (τ i1, . . . , τ
i
Ti
) the observation times,

Yi = (yi1, . . . , y
i
Ti
) the measured (plasma) concentra-

tions, and Ti the number of available measurements.
Note that observation times need not be shared across
individuals, since measurements are typically sparse
and irregularly sampled.

We focus on two complementary tasks:

1. Population synthesis. Without accessing any
per-subject information beyond what is contained
in S, the goal is to generate new virtual individ-
uals {DI+1, . . . ,DI+N} whose statistics are indis-
tinguishable from those of S. In other words, we
seek a generative model capable of sampling from
the implicit population distribution.

2. Individual prediction. Suppose that we are
presented with a new subject Dn = (un, τn,Yn).
The goal is to forecast future concentrations y∗ at
any time τ∗ > τnTn

.

In the mixed-effects setting, the general strategy
amounts to decomposing variability into fixed effects,
which describe the population-level kinetics of the
study, and random effects, which capture individual-
specific deviations.

In what follows, we introduce the Amortized In-
Context Mixed-Effect Transforme model (AICMET), a
generative model that addresses both tasks in-context.
That is, at deployment it receives either S (for Task
1) or S ∪ Dn (for Task 2) as prompt and returns ei-
ther samples (Task 1) or forecasts (Task 2) in a single
forward pass — without gradient–based optimization.
This design contrasts with classical NLME workflows
that perform explicit inference for every new dataset.

The AICMET framework consists of two components:
a synthetic data generation model, and a hierarchical
latent variable model. We describe these in the next
sections.

4 AICMET: DATA GENERATION

In this section, we introduce a data generation
model that combines compartmental PK systems with
stochastic, time-varying parameters. We use this
model to generate a large synthetic training dataset.
We begin by presenting the compartmental PK sys-
tems (Section 4.1), followed by the prior over their
parameterization (Section 4.2). We then describe the
observation model (Section 4.3) and, finally, formally
specify the full generative process as the probability of
observing PK trajectories (Section 4.4).

4.1 Compartmental Pharmacokinetic
Systems

Compartmental models are classically used in phar-
macokinetics to describe the uptake, distribution and
elimination of drug in the body, with kinetically sim-
ilar organs represented as a compartment. The cen-
tral compartment represents systemic blood circula-
tion and organs in fast exchange with blood, periph-
eral compartments represent organs in slower exchange
with blood, and the gut compartment represents the
absorption of an orally administered drug.

Following this formulation, each simulated study S
consists of I individuals, where each individual is char-
acterized by a time-varying latent state X(t) ∈ R2+P

that represents the drug amount in the gut, central
(c), and P peripheral (per) compartments. That is

X(t) =
(
Xgut, Xc, Xper,1, . . . , Xper,P

)⊤
. (1)

which solves the ODE system

Ẋgut = −kaXgut,

Ẋc = kaXgut −
(
ke +

P∑
j=1

k+j

)
Xc +

P∑
j=1

k−j Xper,j ,

Ẋper,j = k+j Xc − k−j Xper,j , (2)

with j running from 1 to P . The initial condi-
tion is determined by the dose and the dosing route
(i.e., Xu2=c(0) = u1 for intravenous dosing and
Xu2=gut(0) = u1 for oral dosing), while all other states
are initialized at zero. The number of individuals, the
number of peripheral compartments, as well as the
dose and dosing route, are randomly drawn for each
simulated study. Next, we define the kinetic parame-
ters ka, ke, k

+
1 , k

−
1 , ..., k

+
P , k

−
P underlying these PK sys-

tems.



Amortized In-Context Mixed Effect Transformer Models

𝑧𝑖

𝑦𝑗
𝑖𝜏𝑗

𝑖
𝑦𝐶,𝑗
𝑛𝜏𝐶,𝑗

𝑛

𝑧𝑛

𝑧𝑠

𝑦𝑇,𝑗
𝑛𝜏𝑇,𝑗

𝑛

𝑇𝑇
𝑛

𝐼

𝑇𝑖 𝑇𝐶
𝑛

𝑢𝑖 𝑢𝑛

෠𝑌𝑇
𝑖 ∼ 𝑝(𝑌𝑇

𝑖 ∣ 𝜏𝑇
𝑖 , 𝑢𝑖 , 𝒮, 𝒟𝐶

𝑖 )

Time

Concentration

𝑢𝑖 𝜏𝑇
𝑖

𝑌𝑇
𝑖

𝒮

𝒟𝐶
𝑖

෠𝑌𝑇
𝑖

𝒟𝑇
𝑖

Figure 1: Left: hierarchical latent structure assumed in our AICMET model. Shaded nodes are observed. All
latent representations (zi, zs, zn) are continuous; solid blue arrows indicate conditional dependencies (decoder),
orange dashed arrows indicate the recognition network (encoder). Right: different levels of context entering the
predictive distribution (14).

4.2 Stochastic parameter model

Classically, PK models are built incrementally, start-
ing with first-order kinetic rates and adding extra com-
partments or non-linear terms ad hoc, should they be
indicated by the data. In our synthetic data gener-
ation approach, we extend the compartment model
above by including stochastically varying parameters,
thereby allowing for solutions that mimic realistic PK
data.

Let θi(t) = log(V i, kia, k
i
e, , k

i+
1 , ki−1 , ..., ki+P , ki−P ) de-

note the time-dependent vector of log-kinetic param-
eters (plus the volume of distribution V i which ap-
pears in the observation model, Section 4.3, below)
for the ith individual. Let each component θi,k, with
k ∈ {1, . . . , 3 + 2P} =: K, evolve as an independent
OU process

dθi,k(t) = −λk(θi,k(t)− µi,k) dt+ σk dWi,k(t), (3)

initialized at θi,k(0) ∼ N (µi,k, σ
2
k/(2λk)) to ensure sta-

tionarity.

The OU parameters (µi,k, σk, λk) are themselves ran-
dom variables, sampled according to the following dis-
tributions

µi,k|mk, sk ∼ N (mk, s
2
k), (4)

λ2k ∼ U(aλ, bλ), (5)

σ2
k/2λk ∼ U(aσ, bσ), (6)

where mk ∼ U(amk
, bmk

), sk ∼ U(ask , bsk), and the
values of amk

, bmk
, ask and bsk are chosen based on

a meta-analysis of NLME model fits, and determine
the shape of typical PK trajectories. Similarly, the
parameters aλ, bλ, aσ and bσ are set empirically to
yield physiologically plausible PK profiles. We con-
clude this section by noting that if θk(t) ≡ µk, the

data-generating process reduces to a standard com-
partmental PK model. Parameter stochasticity is in-
duced through Eq. 3, precisely to enable generalization
beyond this parametric family.

4.3 Observation Model

In this section, we first describe the random selection
of observation times (τ) and, based on these, the con-
struction of synthetic concentration samples (y). To
ensure meaningful observation times for each study,
we estimate two characteristic timescales: the time to
reach peak plasma concentration Tpeak, and the drug
half-life Thalf. These timescales are obtained using a
one-compartment model with first-order absorption.
To wit

Tpeak =
log(k̄a)− log(k̄e)

k̄a − k̄e
, Thalf =

log(2)

k̄e
,

for typical parameters at the study level (i.e., k̄a = em1

and k̄e = em2).

Irregular plasma samples are then simulated at sub-
ject–specific times 0 ≤ τ i1 < · · · < τ iTi

≤ τmax. These
times are chosen to mimic the design of experimen-
tal studies. Specifically, we select four equally spaced
observations before Tpeak, and six observations after
Tpeak, placed at increasingly wider intervals deter-
mined by Thalf. This design reflects typical sampling
schedules. Finally, we randomly subsample the num-
ber of observations according to empirical sample-size
distributions, and handle mismatched sizes through
masking. The observed plasma concentrations (y) are
obtained by evaluating simulated trajectories at the
selected times, and applying a proportional measure-
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p(η, Tpeak, Thalf,θ,µ, τ ,X,Y)

= p(η) p(Tpeak, Thalf | η)
I∏

i=1

p(θi(0),µi | η)

× p
(
Xi(0)

)
p(τ i | Tpeak, Thalf)

×
∏
t∈T

pOU(θi(t+∆t) | θi(t),η,µi)

× pode
(
Xi(t+∆t) | Xi(t),θi(t)

)
×

Ti∏
j=1

pobs
(
yij | Xi(τ ij),θi(τ

i
j)
)
. (8)

Equation Block 1: AICMET Prior Distribution

ment error model. In equations, we write

yij =
Xi

c(τ
i
j)

V i(τ ij)
(1 + εi,j), εi,j ∼ N

(
0, σ2

obs

)
. (7)

4.4 (Prior) Generative Data Model

Introducing ηk = (mk, sk, λk, σk), and collecting these
into η = (ηk)k∈K, we can formally write the joint
probability underlying the generation of our synthetic
study S = {D1, . . . ,DI} as in Eq. 8. In this expres-
sion, T denotes a fine simulation grid, pOU the OU
transition density implied by Eq. 3, pode the flow de-
fined by Eq. 2, and pobs the observation model from
Eq. 7. Equation (8) thus serves both as the blueprint
for synthetic data generation, and as the conceptual
backbone of our in-context learning objective. Ap-
pendix A contains all hyperparameters used to specify
our synthetic prior distribution, along with a valida-
tion study against real-world data showing that the re-
sulting synthetic prior generates physiologically plau-
sible pharmacokinetic profiles. Next, we introduce a
latent variable model that matches the marginal prior
Eq. (8).

5 AICMET: HIERARCHICAL
LATENT VARIABLE MODEL

In this section, we introduce our latent-variable model.
We equip it with a hierarchical structure: a global
study-level code, which plays the role of the fixed ef-
fects, and an individual-specific code, corresponding
to the random effects for each subject. We view the
model as a neural process, but without imposing per-
mutation invariance. A new individual is represented
by the dataset Dn, and the full data are given by
Sn = S ∪Dn, which augments the study context with
this newcomer. The model is trained by minimizing

a loss that couples the global context with the new
individual, followed by context–target splits at the in-
dividual level. As in neural processes and variational
autoencoders, the generative model is composed of
two components: a prior over latent codes and a de-
coder (likelihood) function. We define these below.

Prior over Latent Codes. We place a zero–mean
isotropic Gaussian prior on the global study vector (en-
coding fixed effects) zs ∈ Rds , as well as on each in-
dividual vector (encoding random effects) zi ∈ Rdi ,
including the unseen individual n:

zs ∼ N (0, Ids), and zi
i.i.d.∼ N (0, Idi), (9)

for i ∈ {1, . . . , I} ∪ n.

Decoder (Likelihood) Function. The joint density
factorizes as

p(Y | zs, {zi,ui, τ i}Ii=1, zn,u
n, τn) =

I∏
i=1

Ti∏
j=1

N
(
yij | µθ(τ

i
j ,Zi), σ

2
θ(τ

i
j ,Zi)

)
×

Tn∏
j=1

N
(
ynj | µθ(τ

n
j ,Zn), σ

2
θ(τ

n
j ,Zn)

)
, (10)

where we introduced the variable Zi = (zs, zi,u
i),

with i ∈ {1, . . . , I} ∪ n, and where θ denotes train-
able parameters. We require the decoder in Eq. 10
to handle the irregular sampling schedules that are
typical in clinical datasets, while also leveraging the
strong context-learning capabilities of modern trans-
formers. To this end, we adopt a transformer decoder
with functional attention (Seifner et al., 2025a). The
requested prediction or sampling times (τ) are embed-
ded as queries, whereas the dosing information un,
together with the population-level (zs) and individual-
level (zn) latent variables are embedded as keys and
values. Through self-attention, the model functions
as a context learner: each query time selectively at-
tends to the most informative dosing and latent-effect
context, thereby defining a distribution over concen-
tration–time functions conditioned on both zs and zn.
The left panel of Fig. 1 illustrates the graphical model
underlying Eq. 10, while Fig. 2 depicts the neural net-
work implementation of the decoder. The detailed
equations specifying the neural network architecture
are provided in the Supplementary Material.

Encoder Function as a Hierarchical Variational
Posterior. Exact posterior inference under Eq. 10
is intractable because µθ and σθ are non-linear. We
therefore introduce the following factorized, varia-
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Figure 2: AICMET architecture. The encoder produces dynamic representations with a recurrent backbone, and
attention mechanisms are applied to summarize these representations at both the individual and study levels.
Our transformer-based decoder embeds the encoder representations alongside dose information. Finally, we define
functional queries that allow us to evaluate the predictive distribution at any target time τ . By introducing zi
and zs, we can model fixed and random effects, enabling a population-aware, individualized characterization of
dynamics.

tional approximation:

qϕ
(
zs, {zi}Ii=1, zn

∣∣Sn
)
=

qϕ(zs | Sn) qϕ(zn | Dn)×
I∏

i=1

qϕ(zi | Di). (11)

Each factor is modeled as a Gaussian with mean and
diagonal covariance parameterized by an encoder net-
work with trainable parameters ϕ. The architecture of
this encoder is illustrated in Fig. 2, and the detailed
equations are provided in Appendix B. For clarity, we
omit explicit reference to ϕ in what follows. Let us
now introduce our objective functions.

New Individual Objective. Our first objective
is to maximize the predictive likelihood of a new
individual, marginalizing over all latent variables,
log p(Yn|τ n,S). Applying Jensen’s inequality with
the approximate posterior in Eq. 11 yields the evidence
lower bound (ELBO)

Lnew = Eq

[
log p

(
Yn | zs, zn,un, τn

)]
−KL

[
q(zs | S)

∥∥ p(zs)]−KL
[
q(zn | Dn)

∥∥ p(zn)]
−KL

[
q(zs | Sn)

∥∥ q(zs | S)] . (12)

The first and second Kullback-Leibler (KL) terms in
Eq. 12 regularize the global and new-individual en-
codings towards their respective priors, thereby en-
abling sampling. The final KL term enforces consis-
tency between the representations with and without

the new individual. During training, the new individ-
ual is obtained by randomly selecting one subject from
the study, and excluding it from the study context.

Predictive Objective. For longitudinal prediction,
each observed trajectory is split into context and tar-
get subsets, i.e. Di = Di

C ∪ Di
T,. The right panel of

Figure 1 illustrates this splitting. Adapting Eq. 12
to this partially observed setting yields the following
predictive bound

LP = Eq(zs|S)

[ I∑
i=1

Eq(zi|Di)

[
log p(Yi

T| zs, zi,ui, τ i
T )

]]
−

I∑
i=1

KL
[
q(zi | Di)

∥∥ q(zi | Di
C)

]
. (13)

The KL term inside the sum encourages the individ-
ual encoder to refine its beliefs after observing the tar-
gets, thereby specializing the latent representation for
extrapolative prediction. Jointly optimizing Eqs. 12
and 13 yields a study-level representation that is capa-
ble of (i) generating synthetic individuals whose statis-
tics match those of S; and (ii) forecasting future con-
centrations for any individual after only a handful of
early observations. Details of the neural parameteri-
zations used for qϕ, µθ, and σθ, as well as the training
procedure, are provided in Appendices B and C.
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Figure 3: AICMET zero-shot prediction curves for different compounds. Each subplot shows the observed and
target concentrations, and the context, together with simulation-derived prediction intervals. AICMET is indeed
able to infer the main patterns characteristic of the study from its context.

Prediction. Finally, to estimate the posterior pre-
dictive distribution we calculate the integral

p(Yi
T|ui, τ i

T,S,Di
C) =

∫
p(Yi

T| zs, zi,ui, τ i
T )

× q(zs|S) q(zi|Di
C) dzidzs, (14)

via Monte Carlo by drawing samples from the en-
coders.

6 EXPERIMENTS

In this section, we begin by presenting the evaluation
dataset and the baselines used for comparison, and
then turn to a discussion of our main results.

6.1 Datasets

Evaluation data for assessing the performance
of AICMET were obtained from the open-access
database PK-DB, which contains data from both clin-
ical and pre-clinical studies (Grzegorzewski et al.,
2021). Specifically, we extracted plasma concentra-
tion measurements for 18 compounds (a total of 2019
valid concentration–time data points) from a Phase
I clinical trial that investigated the safety and dos-
ing of a combination of drugs and their metabolites
in healthy volunteers (Lenuzza et al., 2016). The

curated dataset includes 10 parent compounds (caf-
feine, dextromethorphan, digoxin, memantine, mi-
dazolam, omeprazole, paracetamol, repaglinide, ro-
suvastatin, and tolbutamide), together with their
primary metabolites (paraxanthine, dextrorphan, 1-
hydroxy-midazolam, 5-hydroxy-omeprazole, hydroxy-
repaglinide, omeprazole sulfone, paracetamol glu-
curonide, and 4-hydroxy-tolbutamide). Importantly,
both intra- and inter-substance sampling frequencies
varied substantially, yielding irregularly sampled time
series across subjects and compounds. Each com-
pound was measured in 10 individuals, with up to
15 observations per individual. We also included two
additional datasets on indometacin and theophylline
pharmacokinetics (Indometh and Theoph from the R
datasets package) (R Core Team, 2025), with 6 and
12 subjects, respectively.

6.2 Baselines and Ablations

We compare a classical pharmacometric baseline
against one neural ODE model (NODE-PK), ablated
variants of our approach, and finally against the full
AICMET model. The classical baseline is nonlin-
ear mixed-effects modelling (NLME) (Lavielle, 2014),
which we fit study by study. That is, separately for
each compound-specific dataset using conventional es-
timation procedures. In contrast, all neural mod-
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Table 1: Comparison of Log-RMSE Across Models. For each compound, log-RMSE is reported for baseline
models and the proposed AICMET model with selected ablations. The best-performing model for each compound
is highlighted in bold.

Compound NLME NODE-PK T-PK SNODE-PK ST-PK AICME-NODE AICMET

caffeine 0.294± 0.294 0.432± 0.209 0.575± 0.211 0.780± 0.286 0.451± 0.258 0.646± 0.243 0.399± 0.205

dextromethorphan 0.752± 0.752 0.605± 0.248 0.630± 0.227 1.702± 0.518 0.395± 0.163 0.640± 0.241 0.595± 0.364

digoxin 0.300± 0.300 0.661± 0.315 0.717± 0.264 0.501± 0.188 0.683± 0.242 0.569± 0.216 0.691± 0.464

indometacin 0.582± 0.582 0.350± 0.291 0.512± 0.247 0.441± 0.233 0.429± 0.328 0.487± 0.221 0.536± 0.203

memantine 0.343± 0.343 0.554± 0.386 0.799± 0.301 0.580± 0.221 0.513± 0.335 0.534± 0.196 0.475± 0.341

midazolam 0.596± 0.596 0.352± 0.224 0.735± 0.269 0.874± 0.314 0.288± 0.173 0.548± 0.209 0.264± 0.151

omeprazole 1.300± 1.300 1.003± 0.618 1.864± 0.623 1.267± 0.471 0.842± 0.400 1.395± 0.522 0.936± 0.942

paracetamol 0.299± 0.299 0.582± 0.302 0.825± 0.294 1.115± 0.406 0.447± 0.274 0.691± 0.248 0.352± 0.187

repaglinide 0.479± 0.479 0.693± 0.290 0.846± 0.309 1.514± 0.544 0.709± 0.268 0.562± 0.204 0.339± 0.311

rosuvastatin 0.383± 0.383 0.535± 0.303 0.748± 0.272 0.624± 0.231 0.502± 0.205 0.578± 0.217 0.558± 0.286

theophylline 0.732± 0.732 0.327± 0.144 0.401± 0.172 0.366± 0.155 0.356± 0.141 0.318± 0.126 0.274± 0.109

tolbutamide 0.723± 0.723 0.578± 0.263 0.816± 0.295 0.949± 0.346 0.678± 0.339 0.854± 0.316 0.517± 0.254

1-hydroxy-midazolam – 0.737± 0.381 0.678± 0.241 1.395± 0.497 0.567± 0.327 0.935± 0.352 0.491± 0.309

4-hydroxy-tolbutamide – 0.353± 0.182 0.898± 0.318 0.524± 0.191 0.354± 0.174 0.274± 0.103 0.335± 0.164

5-hydroxy-omeprazole – 1.474± 0.745 1.683± 0.603 1.811± 0.654 1.286± 0.472 1.575± 0.581 1.188± 0.451

dextrorphan – 0.834± 0.284 1.001± 0.362 0.904± 0.331 0.733± 0.445 0.614± 0.229 0.563± 0.287

hydroxy-repaglinide – 0.049± 0.156 0.532± 0.194 0.059± 0.022 0.069± 0.217 0.095± 0.036 0.076± 0.240

omeprazole sulfone – 1.390± 0.488 1.620± 0.577 1.529± 0.556 1.054± 0.297 1.438± 0.533 1.082± 0.509

paracetamol glucuronide – 0.297± 0.169 0.423± 0.156 0.823± 0.301 0.357± 0.192 0.365± 0.137 0.307± 0.184

paraxanthine – 0.287± 0.135 0.646± 0.233 0.653± 0.241 0.413± 0.181 0.409± 0.154 0.312± 0.138

els — including NODE-PK and our ablations (T-PK,
SNODE-PK, ST-PK, AICME-NODE, AICMET) —
are pre-trained on our simulated PK datasets and sub-
sequently evaluated in context (that is, zero-shot) on
the empirical studies, without any additional per-study
parameter updates. Throughout, “NODE-PK” refers
to our pre-trained implementation, ensuring that com-
parisons isolate architectural differences rather than
data advantages. We now describe each model and
ablation in detail.

Nonlinear Mixed-Effect (NLME) Modelling.
For each of the 10 parent compounds in the evaluation
dataset, one- and two-compartment NLME models
were fitted (with first-order oral absorption in the case
of orally dosed compounds). Inter-individual variabil-
ity was included on all parameters, and a combined ad-
ditive/proportional error model was used. The better-
fitting model was selected by AIC and used as the
baseline for that compound. Since metabolite produc-
tion rates (i.e., dosing of metabolites) depend on the
PK of the parent compound, these could not be di-
rectly modelled within this framework.

Neural ODEs (NODE-PK). The NODE-PK
model follows Lu et al. (2021) and extends the la-
tent neural ODE of Rubanova et al. (2019) with ex-
plicit handling of dosing. An RNN encoder produces
a latent initial condition for each individual, which is

then evolved through neural ODE dynamics between
observation times. NODE-PK does not perform any
study-level aggregation: individuals are treated inde-
pendently, and predictions rely solely on their own past
observations.

Ablations without KL terms. To isolate the con-
tribution of architectural choices, we construct three
ablations that all use only the prediction loss LF (no
KL terms or stochastic latents):

(i) T-PK: replaces the NODE-PK decoder with a
functional attention (FA) transformer decoder, to be
able to estimate concentrations at any observation
time, yet still predicting individuals conditioned only
on their own past observations.

(ii) SNODE-PK: adds a deterministic study-level
representation to NODE-PK, obtained by aggregating
individual encodings via attention, while keeping the
NODE-PK decoder.

(iii) ST-PK: combines study-level aggregation with
a FA-transformer decoder in place of the NODE-PK
decoder.

Full AICMET Model. Finally, we evaluate our
proposed amortized in-context mixed-effects model,
which include stochastic study and individual latents,
and is trained with all loss terms (Eqs. 12 and 13).
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Figure 4: AICMET zero-shot visual predictive checks
(VPCs) for two compounds. The panels compare ob-
served summaries against simulation-based prediction
intervals.

We consider two decoders: AICME-NODE, which
uses the NODE-PK decoder, and AICMET, which
replaces it with our functional attention transformer
decoder. AICMET represents the complete method-
ology proposed in this work (Figure 2).

Thus, our ablations explicitly remove the decoder, the
hierarchical latents, and the study-level aggregation,
thereby testing whether the hierarchical structure cap-
tures meaningful variability.

6.3 Evaluation Metrics.

For each compound, predictive performance was as-
sessed in a leave-one-individual-out setting: predic-
tions for a given subject i were conditioned on the
study context S, the dosing information ui, and the
first four PK samples of that subject Di

C. Accuracy
on the remaining samples Di

T was then measured by
the root mean squared error on the log-concentration
scale (log-RMSE).

To evaluate generative capability, we performed a
simulation-based graphical diagnostic known as the vi-
sual predictive check (VPC), a standard tool in phar-
macometrics (Holford, 2005). This diagnostic tool
compares the variability of simulated plasma concen-
tration profiles within a study via an overlay of simu-
lation percentiles and observed data.

Implementation Details. Appendices B and C
contain the full implementation details.

6.4 Discussion

As shown in Table 1, the pretrained zero-shot mod-
els (i.e., from NODE-PK to AICMET) achieve state-
of-the-art performance, improving upon the predictive
accuracy (Task 2) of NLME models for 7 of the 12
parent compounds. This provides empirical evidence
that our pretraining prior distribution (Eq. 8) encodes
strong and useful inductive biases. Moreover, unlike
NLME models, the pretrained models generalize to
metabolites without requiring any additional model
specification. Among them, AICMET is the clear best
performer: it outperforms NODE-PK on 14 of the 20
target compounds, highlighting the benefits of its hier-
archical, stochastic representation. Interestingly, the
node-based models equipped with a study-level rep-
resentation, whether deterministic or stochastic, are
unable to effectively exploit this information. By con-
trast, transformer decoders appear easier to condition
on study-level representations. Figure 3 further shows
that AICMET yields accurate zero-shot predictions
(Task 2) across concentration ranges spanning several
orders of magnitude, a characteristic feature of PK
data.

For population synthesis (Task 1), the VPCs in Fig-
ure 4 show that AICMET correctly captures the distri-
bution of samples for new individuals from the context
alone, in zero-shot mode. This is precisely what en-
ables it to generalize across compounds. Thus, unlike
NLME models, which require substantial compound-
specific hyperparameter tuning, AICMET can infer
predictive posterior distributions from PK studies in
seconds, without tuning and with stronger perfor-
mance. Beyond these main results, we also assessed
the robustness of AICMET to study sizes larger than
those seen during pretraining. The corresponding re-
sults are reported in Appendix D.

Limitations. Our current implementation is re-
stricted to single-dose, covariate-free settings. Like-
wise, Phase-III-like sparse sampling regimes remain
outside the present scope. Future work will explore
whether joint training on both dense and sparse data,
as is common in NLME when pooling data across
trial phases, together with mixture-of-experts archi-
tectures, can help overcome these limitations. We also
plan to extend the framework to account for multiple
dosing and individual-specific covariates. We hypoth-
esize that, in the latter case, zero-shot inference alone
may no longer be sufficient and that finetuning may be
required. Finally, more expressive generative models
could be used as decoders, for example diffusion mod-
els, which may better capture complex distributions.
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A Synthetic PK Prior

A.1 Synthetic Prior Hyperparameters

Table 2 summarizes all hyperparameters needed for the simulation of the compartment models with OU priors
(Eq. 8).

Table 2: Synthetic Prior (Meta-Study) Configuration Parameters (Condensed)

Parameter Value / Range Parameter Value / Range

drug id options Drug A, B, C solver method rk4
num individuals range [5, 10] time start 0.0
num peripherals range [1, 3] time stop 24.0
log k a mean range [-1, 2] time num steps 100
log k a std range [0.2, 0.6] log k e mean range [-5, 0]
k a tmag range [0.01, 0.02] log k e std range [0.2, 0.6]
k a tscl range [1, 5] k e tmag range [0.01, 0.02]
log V mean range [2, 8] k e tscl range [1, 5]
log V std range [0.2, 0.6] V tmag range [0.001, 0.001]
V tscl range [1, 5] rel ruv range [0.001, 0.01]
log k 1p mean range [-4, 0] log k 1p std range [0.2, 0.6]
k 1p tmag range [0.01, 0.02] k 1p tscl range [1, 5]
log k p1 mean range [-4, -1] log k p1 std range [0.2, 0.6]
k p1 tmag range [0.01, 0.02] k p1 tscl range [1, 5]

A.2 Synthetic Prior Validation

To validate the realism of our synthetic prior, we performed a systematic literature search on PubMed covering
114 bioequivalence studies reporting standardized pharmacokinetic summary metrics such as AUC (total drug
exposure) and Cmax (peak plasma concentration). These studies provide a natural benchmark for our synthetic
training distribution because (i) such measurements are routinely reported for most drugs on the market, and
(ii) regulatory guidelines require applicants to provide these standardized quantities.

Table 3 compares the distribution of dose-normalized pharmacokinetic summaries observed in the literature
with those induced by our simulations. Overall, the agreement indicates that our synthetic prior generates
physiologically plausible pharmacokinetic profiles.

While the simulated values tend to be somewhat lower than those observed in the literature, they remain within
a comparable range across percentiles for both Cmax and AUC. This suggests that the synthetic prior captures
realistic orders of magnitude and variability in PK behavior, supporting its use as a training distribution for
amortized inference.

B Architecture

In this section we provide all the details of the neural network architecture for the Amortized In Context Mixed
Effect Transformer (AICMET) model, required to define both encoder and decoder. We can see that in order to
create a faithful representation of the data, we first need to create a longitudinal representation per patient that
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Table 3: Comparison between literature-derived and simulated dose-normalized pharmacokinetic summaries.
Cmax is reported in 1/L and AUC in h/L.

Metric Percentile Literature Simulation
Cmax 10th 6.7e-4 2.7e-4
Cmax 50th 9.5e-3 4.2e-3
Cmax 90th 6.8e-2 4.3e-2
AUC 10th 4.4e-3 1.3e-3
AUC 50th 5.5e-2 2.0e-2
AUC 90th 1.0e+0 0.2e-1

respects the time information per individual. Then, we aggregate the time dimension to obtain a representation
per individual, and finally we aggregate all the individuals to obtain one representation per study. In the
following, we use H as hidden dimension and Zd as latent dimension for the unstructured latent variables. A
superscript in parentheses, e.g. h(1), denotes the layer index.

B.1 Neural-network primitives.

We denote by ϕθ(·) a linear projection Rm → RH , by Φθ(·) a feed-forward network RH → RH , by ρθ(·) a
recurrent layer (GRU/LSTM), by ψθ(q,K,V) a multi-head attention module, and by Ψθ(Q,K,V) a transformer
encoder (linear attention). For both ψθ(·, ·, ·) and Ψθ(·, ·, ·) denote transformer encoders with linear attention
(Katharopoulos et al., 2020), both of which take three arguments as inputs (i.e., queries, keys and values). We

use the dot-product softmax kernel, i.e., ψθ(Q,K,V) := softmax
(

QK⊤
√
dk

)
V. Since PK data are often sparsely

and irregularly sampled, we expand the features by defining the individual dataset as

D̃(i) =
{(
y
(i)
j , τ

(i)
j , ∆τ

(i)
j

)}Ti−1

j=1
, ∆τ

(i)
j := τ

(i)
j+1 − τ

(i)
j .

This simplifies the task of the network of handling irregular time intervals, as this representation enforces this
feature.

B.2 Encoder

We first introduce the encoder, which we construct by first introducing the individual representation and then
aggregating for the studies representations.

Per-transition embeddings. We pass the basic features trough a linear layer and concatenate, thereby
defining a basic data embedding:

e
(0),i
j = concat

[
ϕθy(yj), ϕ

θ
τ (τj), ϕ

θ
∆τ (∆τj)

]
∈ RH .

Longitudinal Representation. To capture the dynamical information from the embeddings, we now create
a representation per individual and per time step, using either a recurrent neural network (GRU/LSTM) or a
transformer architecture:

h
(1),i
j = ρθ

(
e
(0),i
1:j

)
∈ RH .

Next, in order to judge the overall curve shape, a self-attention mechanism is applied over the longitudinal

representations h
(1),i
j . This allows the different native features of the drug profiles, such as the peak and slope

of different sections around the peak, to be weighted and compared against each other. We first stack the

representations H(1),i = [h
(1),i
1 , . . . ,h

(1),i
Ti−1] ∈ RH×(Ti−1); then

H(2),i = Ψθ
(
H(1),i,H(1),i,H(1),i

)
.
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Individual posterior. Now we aggregate with attention pooling so that we are able to obtain a representation
per individual

ci = ψθ
(
q,H(2),i,H(2),i

)
∈ RH .

We then differentiate the mean and variance of the encoder with a final MLP layer

q(zi | Di) = N
(
zi ∈ RZd

∣∣ Φθ
µ(ci), diag

(
eΦθ

σ(ci)
))
.

Study Posterior. To obtain a study-specific representation, we concatenate the individual summaries C =
[c1, . . . , cI ] ∈ RH×I , and then summarize with another attention pooling mechanism, cs = ψθ

(
qs,C,C

)
. Finally

the study encoder is obtained by

q(zs | S) = N
(
zs ∈ RZd

∣∣ Φθ
µ(cs), diag

(
eΦθ

σ(cs)
))
.

B.3 Decoder

To design a decoder suited for PK data, we must accommodate the irregular sampling schedules typically
observed in clinical datasets while simultaneously exploiting the strong context-learning capabilities of modern
transformers. Conventional neural ODE approaches (e.g. Lu et al., 2021) rely on adjoint-sensitivity computations;
this can hinder scalability for a data prior like ours that requires many samples to enforce expert based inductive
bias. We therefore adopt a transformer decoder endowed with functional attention (Seifner et al., 2025a).
The requested prediction/sample time points τ are embedded as queries, whereas the dosing information un

together with the population-level (zs) and individual-level (zn) latent variables are embedded as keys and
values. Through self-attention, the model acts as a context learner: each query time dynamically attends to
the most informative dosing and latent-effect context, thereby defining a distribution over concentration-time
functions conditioned on both, zs and zi. For a new subject D(n), we first sample zn from its prior, then
propagate the query-time set through the decoder to obtain the predictive concentration distribution at each
requested time point. Specifically, for a new individual Dn, we first sample zn ∼ q(zn|Dn) and zs ∼ q(zs|S) for
prediction, or zn ∼ N (0, I) for generation and embed a query time τ :

qτ = ϕθdec(τ) ∈ RH ,

Kn = Φθ
K ([zn; zs;u]) ∈ RH×1,

Vn = Φθ
V ([zn; zs;u]) ∈ RH×1,

cτ = ψθ (qτ ,Kn,Vn) ∈ RH . (15)

It only remains to define the final mean and variance heads, (µτ , log σ
2
τ ) = Φθ

dec(cτ ), and specify the distribution
to a diagonal Gaussian p

(
yτ | τ, zn, zs

)
= N

(
yτ | µτ , σ

2
τ

)
.

C Experimental Details

C.1 Neural Network Architecture

Figure 5 displays the implementation details of the AICMET Model.

C.2 Training Details

We used the ADAM optimizer with a learning rate of 0.0001 and a batch size of 128 across all datasets. Data
were simulated on the fly and models were trained up until 5000 iterations. The history context length of the
decoder |Dn

C | varies according to the distribution of the empirical data. All experiments are conducted on a single
Nvidia V-100 GPU, and results are based on 5 runs per model. That is, all models (baselines, ablations, and
AICMET variants) were trained five times with different random initializations. For each method, we selected
the best-performing run, and report variability across seeds.

We rescaled the total loss with LT =
∑

l e
−Uθ

l Lθ
l (D)−Uθ

l as specified by Karras et al. (2024), where Lθ
l specify all

the different elements of the loss (KL terms treated separately), and Uθ
l are nuisance parameters whose purpose
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AIMCETPK(
encoder = RNNContextEncoder (

input encoder = TimeObsSeparateEncoder (
t ime encoder = MLP( [ 1 −> 256 −> 256 ] ) ,
obs encoder = MLP( [ 1 −> 256 −> 256 ] ) ,
layernorm = LayerNorm (512)

) ,
rnn = GRU(512 , 256 , num layers =4) ,
s e l f a t t n = Mult iheadAttent ion (256) ,
summary attn = Mult iheadAttent ion (256) ,
p ro j = Linear (256 −> 256) ,
do s e p ro j = MLP( [ 2 −> 256 −> 256 ] )

) ,
decoder = TransformerDecoder (

t ime pro j = MLP( [ 1 −> 512 x4 ] ) ,
z p r o j = MLP( [ 256 −> 512 x4 ] ) ,
i n i t p r o j = MLP( [ 4 −> 512 x4 ] ) ,
a t t n b l o ck s = 2 x CrossAttent ionBlock (

attn = Mult iheadAttent ion (512) ,
mlp = MLP( [ 512 −> 512 ] )

) ,
mean head = MLP( [ 512 −> 512 −> 512 −> 1 ] ) ,
l ogvar head = MLP( [ 512 −> 512 −> 512 −> 1 ] )

) ,
aggregator = AttentionStudyAggregator (

attn = Mult iheadAttent ion (256)
) ,
mu s layer = Linear (256 −> 256) ,
l o g v a r s l a y e r = Linear (256 −> 256) ,
mu i l aye r = Linear (256 −> 256) ,
l o g v a r i l a y e r = Linear (256 −> 256) ,
mu in i t l a y e r = Linear (256 −> 1) ,
l o g v a r i n i t l a y e r= Linear (256 −> 1) ,
combine mlp = MLP( [ 512 −> 256 −> 256 ] ) ,
l o s s mu l t i h ead = MultiHeadLoss ( )

)

Figure 5: Architecture summary of the AICMET model. MLPs are shown with input/output dimensions; repeated
blocks are compressed for clarity.

is to ensure equal loss contributions of each component during training. Further details about the architecture,
training and simulations are in the Supplementary Material.

Finally, we sampled new systems for every batch so the model never sees one system twice. In total, the model
sees 1280 systems per epoch, for 1000 epochs for a total of 1.280.000 different systems.
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D Robustness with Respect to Study Sizes

To assess robustness with respect to cohort size, we sampled synthetic datasets with varying numbers of subjects
and evaluated predictive performance using the root mean squared error (RMSE) on the log-concentration scale.
The results are reported in Table 4.

Table 4: Predictive performance across different study sizes. Reported values correspond to the mean and
standard deviation of the RMSE on the log-concentration scale.

Subjects in study Mean RMSE Std
10 0.532 0.375
20 0.410 0.234
30 0.344 0.093
40 0.318 0.154
50 0.407 0.185
60 0.356 0.126
70 0.252 0.112
80 0.304 0.118
90 0.321 0.154
100 0.408 0.160

As shown in Table 4, AICMET maintains strong predictive performance across a broad range of study sizes, indi-
cating robustness to variations in cohort size. Although some fluctuation is observed, no systematic degradation
appears as the number of subjects changes.

Regarding extremely sparse per-individual sampling, such as in late-phase trials, we note that additional method-
ological development will likely be required. In such regimes, a hybrid training strategy combining richly sampled
early-phase synthetic data with sparsely sampled late-phase synthetic data may be necessary, potentially together
with a mixture-of-experts approach.

E Extra Results

We include results for both the prediction and VPC plot for the rest of the compounds not seen in the main
body of the text.
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Indometacin Theophylline Memantine Omeprazole

5-Hydroxyomeprazole Omeprazole Sulfone Repaglinide Hydroxy Repaglinide

Rosuvastatin Tolbutamide 4-Hydroxytolbutamide Dextromethorphan

Digoxin Paracetamol 1-Hydroxymidazolam Paracetamol Glucuronide

Dextrorphan Caffeine (137X) Midazolam Paraxanthine (17X)

Figure 6: Predicted concentration-time profiles for all compounds in the study. Each panel shows a representative
sample from the generative model.
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Indometacin Theophylline Lenuzza 2016 (000) Lenuzza 2016 (001)

Lenuzza 2016 (002) Lenuzza 2016 (003) Lenuzza 2016 (004) Lenuzza 2016 (005)

Lenuzza 2016 (006) Lenuzza 2016 (007) Lenuzza 2016 (008) Lenuzza 2016 (009)

Lenuzza 2016 (010) Lenuzza 2016 (011) Lenuzza 2016 (012) Lenuzza 2016 (013)

Lenuzza 2016 (014) Lenuzza 2016 (015) Lenuzza 2016 (016) Lenuzza 2016 (017)

Figure 7: VPC visualizations for all compounds
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