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Biological processes such as virus spread and tumour growth are highly complex. In order
to accurately describe and understand such systems, increasingly complex models are being
developed. In particular, multi-scale multi-cellular models are used to describe organisation
and development of cell populations and tissues. Typically, such models depend on unknown
parameters that need to be calibrated on experimental data, in order to test hypotheses and
make predictions. Approximate Bayesian Computation (ABC) is a likelihood-free parameter
inference method applicable to a wide range of models, where other methods fail. However,
it is computationally demanding, such that computation time is often the limiting factor, espe-
cially for expensive multi-scale models. In this article, we demonstrate how the use of high-
performance computing (HPC) infrastructure together with efficient parallelisation strategies
enables ABC inference on challenging application problems. Further, we demonstrate how
HPC enables the development and study of novel algorithms.

1 Introduction

Quantitative mechanistic models are important tools in many research areas to describe,
study, and understand real-world systems!?. Commonly, these models depend on un-
known parameters. In order to test hypotheses, make predictions, or compare models,
these parameters need to be calibrated on experimental data®. The Bayesian framework
allows doing so by combining prior beliefs about parameters with the likelihood of data
given parameters. However, especially for complex mechanistic models, evaluating the
likelihood quickly becomes computationally infeasible*>. Approximate Bayesian com-
putation (ABC) is a widely applicable parameter estimation method that, in a nutshell,
circumvents likelihood evaluation by simulating data from the model, and accepting cor-
responding parameters if a distance between simulated and observed data is sufficiently
small.

A particular model type of interest are multi-scale multi-cellular models, which are
used to describe interacting processes on a cellular or tissue level, such as viral infection
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or tumour development. Such models provide a realistic description and are often easy
to formulate as a computer program, taking an agent-based perspective. However, they
can be highly complex, often combining different sub-model types to describe different
sub-processes, and can be computationally expensive® 8.

In this article, we first briefly summarise the underlying methodology. Then, we out-
line concrete implementations of the various algorithms via software packages developed
by the authors, and outline their deployment and parallelisation on HPC infrastructure.
Then, we give concrete biological applications demonstrating how bringing ABC methods
to HPC infrastructure allows to tackle new problems in the life sciences, and further how
it allows to develop and test novel algorithms, specifically on outlier-robust adaptive dis-
tances, and the use of inverse machine learning models to construct summary statistics in
ABC.

2 Sequential Approximate Bayesian Computation

Consider a mechanistic model specified via its likelihood 7 (y|6) of observing datay € R™v
given model parameters § € R™?. The parameters are assumed unknown and can comprise
e.g. reaction rates or initial concentrations. Assuming we have observed experimental data
Yobs € R™, the goal of Bayesian inference is to obtain information about the posterior
distribution

7T(‘glyobs) X 71-(yobsltg)ﬂ-(e)v

where 7(6) encodes beliefs prior to observing the data. Unlike many other methods, ABC
is still applicable when evaluating the likelihood is computationally infeasible, and only re-
quires that the model is generative, i.e. one can generate data y ~ 7(y|@) given parameters
6 ~ m(#). This amounts to assuming that the model exists as an executable, potentially
stochastic, forward simulation program. Then, at its core, ABC consists of three steps
(Fig. 1)!%3: First sample parameters  ~ 7(6), second simulate data y ~ 7(y|6), and third
accept (0,y) if d(y,yobs) < €. Here, d is a distance measure comparing simulated and
observed data, and € > 0 is an acceptance threshold. This is repeated until sufficiently
many, say N, particles have been accepted. Denoting mapc,«(0|yobs) the distribution of

parameters 'Q @
DK - %o

91 S1

summary statistics

| %
||||><,3 €

Figure 1. Basic ABC algorithm. Parameters 6 ~ 7(6) are sampled from the prior or a proposal distribution,
and passed to a black-box model generating potentially stochastic simulated data according to the likelihood
y ~ m(y|f). These are optionally passed through a summary statistics function giving a low-dimensional rep-
resentation s(y). Summary statistics of simulated and observed data are compared via a distance metric d, and
the underlying parameters accepted if the distance is below an acceptance threshold . This figure is taken from
Schilte et al., 2022°.
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accepted particles, it can be shown under mild conditions that TaApc e (8|Yobs) — 7(6]Yobs)
for e — 0 in an appropriate sense!!. To tackle the curse of dimensionality, the comparison
of simulations and data is often in terms of low-dimensional summary statistics s(y) in
place of y.

ABC is frequently combined with a sequential Monte Carlo (SMC) scheme'*!3. In
ABC-SMC, a series of particle populations P; = {(6},yf, w!)}icn, t = 1,...,n4, are
generated, with thresholds €; > ... > ¢,,. In generation ¢, importance sampling based on
generation £ — 1 is used, with Radon-Nikodym derivatives w?. It successively reduces the
acceptance threshold and thus improves the posterior approximation, while maintaining
high acceptance rates.

3 Implementation

3.1 Systematic Inference for Multi-Scale Multi-Cellular Models via FitMultiCell

We developed a scalable, modular ABC-SMC framework in the open-source Python tool-
box pyABC #°. Beyond the core ABC-SMC routine sketched above, pyABC provides
various algorithms to adapt to the problem structure and automatically tune hyperparame-
ters, such as transitions kernels, acceptance thresholds, and population sizes'* ', pyABC
can be used with models written in arbitrary languages, with tight support of Python, R,
and Julia. See Klinger et al., 2018, and Schilte et al., 2022, for details'®-?.
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Figure 2. Static (STAT) and dynamic (DYN) scheduling. For 3 sequential populations of N = 5 particles on
W = 8 workers. The colour shades from dark to light indicate whether a sample satisfies the acceptance criterion
and is included in the population, satisfies the acceptance criterion but is discarded from the population due to
late start, or does not satisfy the acceptance criterion and is rejected. For details, see Klinger ez al., 20181°,

The forward model 7(y|0) is to (py) ABC a black-box generating data from parameters.
A particular application are multi-scale and multi-cellular models of cell populations and
tissues. The open-source C++ toolbox Morpheus bisa graphical user interface (GUI)
based modelling and simulation environment for such models. It allows to couple various
modelling formalisms, including ordinary, partial, and stochastic differential equations,

Ahttps://github.com/icb-dem/pyabe
bhttps://morpheus.gitlab.io
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and cellular Potts models, to describe interactions of cells with each other and intercellular
substances. See Starru et al., 2014, for details®.

To enable systematic parameter inference for multi-scale multi-cellular models, we
connected the tools pyABC and Morpheus in the platform FitMultiCell €, using a stan-
dardised interface of parameter definitions and simulation outputs, as well as a problem
formulation based on the PEtab standard!”.

3.2 Parallelisation

Each ABC-SMC population consists of conditionally independent particles, which allows
to parallelise the sampling. pyABC currently supports two strategies of parallelisation
for both multi-processing and multi-machine distributed execution: Static (STAT) and dy-
namic (DYN) scheduling (Fig. 2). STAT, which is implemented in many ABC tools, gen-
erates only as many sampling tasks and processes as needed, N. However, this does not
always use all available cores, especially leaving cores idle while waiting for a few to fin-
ish. This is especially a problem on common HPC infrastructure, where resources cannot
be easily dynamically re-assigned, leading to inefficient resource usage. In comparison,
DYN continues sampling on all available cores until sufficiently many particles have been
accepted, afterwards correcting for execution time bias. Thus, it uses all available cores
at almost all times, except shortly at the end of generations. DYN has been shown to re-
duce the overall wall-time substantially over STAT on distributed environments'®. In all
numerical experiments in this work, we used DYN for parallelisation.

3.3 Automated Resource Allocation on HPC Systems

setup manager

A
</ e
e T workers | ..
main . server Il o I%%ors

program

BRI

population level

particle level

inference level

Figure 3. Distributed ABC-SMC architecture. The main inference process executes the actual ABC routine via
pyABC and an execution program. It transmits tasks to generate particle populations to the central server, from
which a number of workers read. The workers then perform the actual model simulations single- or multi-core,
e.g. via Morpheus. A central script manages the architecture setup.

Ce.g.https://gitlab.com/fitmulticell/fit
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As part of the FitMultiCell effort, we wrote an automatised job management, resource
allocation, and execution system for SLURM workload managers, which are in use on
many computer clusters. It maintains three types of processes (Fig. 3): a server process
that acts as a central broker to distribute work across workers, a number of worker pro-
cesses that wait for tasks to perform, and an inference process to execute the actual ABC
routine. The processes are linked in a hierarchical way uncommon in classical distributed
execution applications. The server process runs per default a Redis d server that builds a
central in-memory database acting as a message broker. Once the server has been launched,
its address is dynamically retrieved and passed along with a specified port to all worker
processes, enabling their unidirectional communication with the server via Pub/Sub. Si-
multaneously with starting the workers, the inference process is started, which executes the
ABC routine. In each SMC generation, the inference process sends a request to simulate
particles to the server, and processes the results once the server has gathered /N successful
answers from the workers.

Number and resources of worker processes, port, execution time, and target program
can be specified via a central shell script ©. Resources can be shared among the three
process types to ensure full exploitation. As (py)ABC is agnostic of model specifics, it is
straightforward to replace Morpheus by other simulation programs.

4 Case Studies

4.1 Application Examples

Liver model (M1)
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Figure 4. Acceptance thresholds. Over generations (left), and over time (right), for models M1+2.

dhttps://redis.io
Chttps://gitlab.com/fitmulticell/Distribution_manager
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To assess and validate the FitMultiCell pipeline, we considered two models of different
biological processes: Model M1 describes the process of mouse liver regeneration'®. On
different sections of the liver tissue, the mean of yes-associated protein (YAP), which drives
the regeneration process, was quantified in 10 zones at different time points. These data
were used as observation data for fitting. Model M2 describes the motility of uninfected
and HIV-infected lymphocytes within complex tissue environments via a stochastic cellular
Potts model (CPM) accounting for biophysical properties of individual cell types to analyse
the spread of viruses between cells'.

The FitMultiCell pipeline was used on model M1 to fit 14 reaction rate parameters.
The fit was performed on the JUWELS supercomputer at the Jiilich Supercomputing Cen-
tre, using up to 84 nodes with 48 cores each, of type 2x Intel Xeon Platinum 8168 CPU,
2.7 GHz. We used N = 1,000 particles per generation and 4,032 workers. The fitting
process for this model was run for n, = 36 generations, with a total of 3,803, 776 simu-
lations. The average time for a single forward simulation of this model was about 53.42 s,
the whole analysis took around 14 h wall-time. Over time, the epsilon acceptance thresh-
old decreased by orders of magnitude and converged gradually (Fig. 4 red). The ABC
approximate posterior distribution evolved over the generations, yielding tight posteriors
for some of the 14 parameters, while others could not be as precisely inferred (Fig. 5 red,
using kernel density estimates).

As an additional application to test the platform, we used model M2, fitting the model’s
13 reaction rate parameters. Here, we ran the analysis on the BioQuant Cluster. Each
node in the cluster is equipped with IBM xSeries 2 x Quad Intel Xeon ES530 with 20 GB
Memory. This demonstrates that the developed platform can be used on different HPC
environments. We employed a population size of N = 256 using 256 cores for the worker
processes. As termination criterion, a minimum discrepancy of epin = 5 was used, which
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Figure 5. Parameter fits. Kernel density estimates in different generations of the iterative fitting process for
models M1+2. Shown is only a subset of 4 of the models’ 14 resp. 13 parameters each.
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Figure 6. Scaling behaviour. Of the FitMultiCell pipeline on JUWELS, for model M3.

was met after n, = 12 generations, resulting in a total of 60, 215 simulations. The simula-
tion of this model is computationally more expensive, taking on average about 1280.25 s,
the whole analysis required around 83 h wall-time. Similar to before, the epsilon thresh-
olds of different generations, as well as ABC posterior approximations are shown in Fig. 4
and Fig. 5 (blue).

Note that the analyses performed here serve as a first proof-of-concept. They demon-
strate that using HPC parallelisation allows us to consider models whose inference would
be far too time-consuming otherwise. To assess validity and robustness of obtained poste-
rior approximations, further studies would be necessary.

4.2 Performance Assessment

To assess the speed-up achieved using the massive parallelisation facilitated by the FitMul-
tiCell pipeline, we evaluated parallel scaling on JUWELS standard compute nodes using
a model that describes the spread of HCV virus (M3)?°. We performed the scaling study
on two different scenarios of M3, running three sequential populations of size N = 1, 000
(Scenario A) or N = 10,000 (Scenario B) particles. For Scenario A, we observed for 8
nodes (384 cores) a parallel efficiency of 69% and for 16 nodes (768 cores) a parallel effi-
ciency of 49%. For Scenario B, the parallel efficiency was higher, namely 87% and 75%
(Fig. 6).

In typical ABC-SMC applications, 15 to 40 sequential populations are run. With each
population, usually the acceptance rate decreases, i.e. more simulations have to be per-
formed. This implies an increase of the simulations-to-cores ratio, and in particular the
idle time at the end of each population has proportionally less of an impact. This is similar
to what can be observed in the scaling study for the larger population size. As we here
only ran three sequential populations, we thus expect in an application setting a further
improved overall parallel efficiency in later iterations. This indicates that the wall-time of
our ABC pipeline scales well, nearly inversely proportionally, with the number of cores.
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5 Algorithm Development: Robustness and Informativeness

While the core principle of ABC is simple, its practical performance relies on a number
of factors. Two essential problems that we faced are robustness especially to outliers, and
assessment of data informativeness.

Outliers, resulting from errors in the data generation process not captured by the model,
can severely impact the analysis and lead to biased or uncertain results?>2!. We showed
that popular ABC distance measures can unfortunately be highly sensitive to outliers. This
holds especially for a popular distance measure that adjusts in each ABC-SMC generation
to the problem structure by weighting different data points or summary statistics based on
samples in previous generations, aiming to automatically level the impact of heterogeneous
data on the analysis by weights accounting for scale differences?®. We extended this idea
to outlier-corrupted data, by the use of robust norms, and having weights also account for
discrepancy of simulations and data in order to identify data points that cannot be explained
by the model?!. This allowed to identify and down-weight outliers, see Schilte et al., 2021,
for details?!.

The second problem is that data points are often not homogeneously informative of
parameters, e.g. when some only depend on background noise, or different data points
are informative of different parts of the model. A popular line of approaches uses inverse
regression models, e.g. linear or neural network models, of parameters on data, to ex-
tract low-dimensional informative summary statistics>*2. We showed first that such ap-
proaches benefit on heterogeneous data scales from the combination with scale-normalised
distance measures as above®®. Second, we developed an approach that uses inverse regres-
sion models not to define low-dimensional summary statistics, which can possibly lead to a
loss of information, but to define additional sensitivity weights quantifying informativeness

M1 M2 M3 M4 M5
[} [} log 6, log 6, A B g k log 6, log 6> log 63
0.530 0.098 0.073 0.151 0.019 0.042 0.138 0.137 0.231 0.341 0.313
L2+Cal.+MAD 99 1 747 0577 78
L2+ Ada+MAD 0.502 0.096 0.053 0.087 0.020 0.036 0.071 0.049 o.;;g g.g; o.z;g
L2+ Ada.+CMAD 0.490 0.097 0.052 0.085 0.020 0.036 0.071 0.049 3.259 3.603 3.613
a. (1 0474 B 0113 [§0.074  [I§0.132 [§ 0.021 0039 |§ 0078 [I 0.055 3.00: 3.486 3.516
L2+Ada.+PCMAD 0.488 0.098 0.051 0.085 0.019 0.036 0.069 0.049 0.144 0.239 0.197
2 [ 0504 | 0116 [§0.057  [§§0.099  [§0.035 01048 |WN0-472  [§-0.067 §0.566 [ 0.547 01790
LL4Cal+MAD 0.540 0.098 0.065 0.118 0.019 0.041 0.133 0.120 0.207 0.257 0.260
al. [(Wo0646 | 0.148 [I0.086 W0.172  [I0R24  [0233 JO042  [o0.410  [-0.428 101535
LL+Ada.+MAD 0.510 0.098 0.054 0.089 0.020 0.037 0.074 0.052 0.290 0.268 0.250
+Ada.+ 0.527 0.148 0.073 0.131 0:101 0:055 2112 0.097 0.202 0.263 0.269
L1+Ada.+CMAD 0.496 0.098 0.052 0.085 0.020 0.037 0.074 0.053 2.837 3.093 3.077
‘+Ada.+ [ 0494 |§ 0112 [§0.059 [§§0.104 |§ 0.020 0,039 [I 0082 [ 0.058 2.699 3114 2872
L1+Ada.+PCMAD 0.495 0.098 0.052 0.085 0.019 0.037 0.073 0.052 0.184 0.264 0.225
+Ada.+ F 0.499 F 0.114 Fo.oss Fo.lol F 0.020 Fo39 i o084 | 0.058 F 0.226 || 0.256 F).zee
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RMSE Outlier-free  mmm Outlier-corrupted

Figure 7. Distance robustness study. Mean root mean square errors (RMSE) for the parameters of 5 test models
(columns) obtained for 8 distance functions (rows), using L2 or L1 distances, calibrated only in the first (“Cal.”)
orevery (“Ada.”) generation, and using MAD, CMAD, and PCMAD for distance weight calculation. Each RMSE
is averaged over 20 data sets, grey lines indicate standard deviations. For each distance, the upper, lighter bar is
based on outlier-free data, while the lower, darker bar is based on outlier-corrupted data. Distances of interest are
coloured, alternative distance combinations are shown in grey for reference. This figure is taken from Schilte et
al., 2021, see there for details?!.
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of each data point on parameters. Third, we addressed problems of established regression-
based approaches with non-identifiability, and presented a solution using regression target
augmentation. We observed substantially superior performance of the novel approaches,
see Schilte and Hasenauer, 2022, for details?’.

In both studies, we performed extensive method evaluations and comparisons on sets
of test and application problems, using up to 20 data replicates (see exemplarily Fig. 7 on
robust distances). This was to obtain average and deviation statistics, as results can vary
substantially for specific runs and data types. The studies were performed on JUWELS,
using up to 384 cores per analysis, and running various analyses in parallel. Given an
overall wall-time for all analyses of still several days, a restriction to non-HPC setups
would have substantially slowed down method development and robust evaluation.

See Schilte et al., 2021, and Schilte and Hasenauer, 2022, for details on the methods
and results?!?7.

6 Conclusion

In this article, we have shown that the use of massive parallelisation enables systematic
likelihood-free parameter estimation for biological multi-scale models, and aids the devel-
opment of novel algorithms. While we have obtained some promising results, the deploy-
ment of analysis pipelines on HPC infrastructure could still be improved. For example,
existing parallelisation approaches do not make use of all available resources at all times
yet, as also dynamic scheduling leaves cores idle at the end of generations, which could e.g.
be used to start the next generation already. Further, common HPC infrastructures limit the
wall-time of jobs, which can be problematic for longer-running analyses. While pyABC
allows to continue previous runs, the amount of manual intervention and information loss
could be reduced by automatic checkpointing and job continuation.

We anticipate that approaches as presented here will facilitate the development and
analysis of holistic models and gain novel and deeper insights into the organisation of
cellular systems.
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