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Abstract

The practical utility of machine learning models in the sciences often hinges on
their interpretability. It is common to assess a model’s merit for scientific discov-
ery, and thus novel insights, by how well it aligns with already available domain
knowledge–a dimension that is currently largely disregarded in the comparison
of neural network models. While pruning can simplify deep neural network ar-
chitectures and excels in identifying sparse models, as we show in the context of
gene regulatory network inference, state-of-the-art techniques struggle with bio-
logically meaningful structure learning. To address this issue, we propose DASH‡,
a generalizable framework that guides network pruning by using domain-specific
structural information in model fitting and leads to sparser, better interpretable
models that are more robust to noise. Using both synthetic data with ground truth
information, as well as real-world gene expression data, we show that DASH, using
knowledge about gene interaction partners within the putative regulatory network,
outperforms general pruning methods by a large margin and yields deeper insights
into the biological systems being studied.

1 Introduction

With ever-growing neural network architectures encouraged by the success of overparametrization,
with over a trillion parameters in a single model such as GPT4, there is a similarly growing demand for
sparser, more parameter-efficient neural networks that are more resource-friendly and interpretable.
The Lottery Ticket Hypothesis (LTH) provides an empirical existence proof of sparse, trainable
network architectures [18], that eventually achieve a similar performance as their dense counterpart.
Subsequent work introduced structured pruning approaches, facilitating group-wise neuron- [32, 62],
or channel-sparsity [34, 25, 26], which are, however, focused on the structure of the architecture
design, aiming for better alignment with hardware implementations to eliminate operations, rather
than structure that reflects relevant domain information. Especially for scientific discovery, an
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alignment of learned structure with such domain knowledge is, however, essential for interpretability,
as only then the model represents meaningful domain-relevant relations. Such problem settings often
occur for example in physics or biology where a learned model should give an explanation to be able
to form a hypothesis. This poses the question: How can we select among multiple predictive models
and promote the search formeaningfulneural network structures?

To guide the learning process, we argue that we need additional problem-speci�c structural informa-
tion, and should leverage any available - and reliable - domain knowledge. One of the fundamental
tasks of molecular biology is to understand thegene regulatory dynamicsin health and disease.
Gene regulatory dynamics describe the changes of the expression of a gene—the generation of small
copies of a DNA segment that can serve among others as blueprint for proteins—dependent on other
regulatory factors such as transcription factors, which are proteins that bind next to the gene (DNA
segment) to modulate its expression. Yet, the exact dynamics are far from understood and changes in
these dynamics can be drivers for diseases such as cancer. As such, improving an understanding of
the mechanics behind these dynamics increases the understanding of the disease and can ultimately
inform therapy design. This problem setting of estimating gene regulatory dynamics requires high
interpretability, as an understanding of the true biological mechanics—the relationship between
regulatory factors and a gene's expression—is needed, as well as sample-ef�ciency, as generating
time-course data even for a few patients is extremely expensive. While models to estimate gene
regulatory dynamics have been suggested [14, 1, 60, 27], none of these is particularly sparse or
interpretable. We propose a new approach of network sparsi�cation thatguides pruning by domain
knowledgeimplemented for a neural model for estimating gene regulatory dynamics, which yields
networks that are very sparse, align with underlying biology, while accurately predicting dynamics.

This idea ofprior-informedor domain-aware pruningis at the heart of this paper. In particular, we
propose DASH (Domain-AwareSparsityHeuristic, Fig. 1), an iterative pruning approach that scores
parameters taking into account structural domain-knowledge. With DASH, it is possible to control the
level of prior information taken into account for pruning and itautomatically �nds an optimal sparsity
levelaligned with both the prior and the data. Considering the task of estimating gene regulatory
dynamics, we �rst show in synthetic experiments that DASH generally outperforms standard (task-
and architecture agnostic) pruning as well as task-speci�c pruning approaches. On real data with
a reference gene regulatory network (GRN) derived from gold standard biological experiments,
we show that DASH better recovers the reference GRN and re�ects more biologically plausible
information. On recent single cell data on blood differentiation, we show that DASH, in contrast to
existing work, identi�es biologically relevant pathways that can be used to generate new insights and
inform domain experts. We anticipate that our work serves both for future benchmarking on how well
pruning approaches are in structure learning, as well as a blueprint for guided network pruning in
�elds where domain knowledge is readily available, such as in other hard sciences including physics
or material science, where knowledge about variables, e.g., associations between atoms or molecules
or equations relating quantities in a system, is available.

2 Related work

The Lottery Ticket Hypothesis (LTH) [18] provides an empirical existence proof of sparse, trainable
neural network architectures. It conjectures that dense, randomly initialized neural networks contain
subnetworks that can be trained in isolation with the same training algorithm that is successful for the
dense networks. However, a strong version of this hypothesis [51, 65], which has also been proven
theoretically [42, 48, 46, 17, 5, 12, 15], suggests that the identi�ed initial parameters are not only
speci�c to the sparse structure but also the learning task and bene�t from information about the larger
dense network that has been pruned [47]. Acknowledging this strong relation, other works have
proposed to combine mask and parameter learning directly in continuous sparsi�cation approaches
[53] that employ regularization strategies that approximate L0 penalties [53, 40, 31, 55]. In the
following, we recap the key ideas behind the methods most relevant to ours.

Explicit pruning-based approaches

Magnitude pruning (MP) In magnitude pruning (MP) a neural network is trained and then (post-hoc)
pruned to a desired sparsity level by masking the corresponding proportion ofsmallest magnitude
weights. This smaller, masked network is then further trained, reminiscent of �ne-tuning [22].
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Figure 1:DASH.A NN, here a neural ODE for gene regulatory dynamics, is traditionally sparsi�ed
in a data-centric way (top). Pruning is done based on data alone, the pruning score
 is a function of
the learned weightsW . Such sparsi�ed models often do not learn plausible relationships in the data
domain. We propose DASH (bottom), which additionally incorporates domain knowledgeP into the
pruning score
 , yielding sparse networks giving meaningful and useful insights into the domain.

More formally, we start with a fully connected neural networkNN� with L layers parametrized
by � := f (W l ; bl )gL

l =1 . MP is performed after training is complete (i.e. post hoc). For a suitable
threshold ofp%, MP “prunes" the trained� by setting the smallest (absolute value)p% of weights in
� to 0. The choice of parameters to prune can either be made in an unstructured way, by choosing
the the lowestp% across allf W l gL

l =1 , semi-structured, by pruning the lowest weights per layer, or in
a structured way such that, e.g., neurons with lowestp% average outgoing weight are pruned. Once
pruning is complete thep%-sparseNN� 0 is �ne-tuned on the data so that� 0 is learned appropriately.
Iterative magnitude pruning (IMP) [18] suggest to alternate between training and magnitude
pruning, iteratively sparsifying the network, to date still of the most successful pruning strategies. In
practice, a pruning schedule is used toiterativelysparsify� , until a � 0 with desired target sparsity or
predictive performance plateau is reached. Importantly, weights are reset to initial pre-training values,
either after each round of pruning or once after the target sparsity has been reached.
Pruning with rewinding [52] have demonstrated that rewinding weights to an earlier training
point—a compromise between �ne-tuning of MP and reset to initialization of IMP— provides good
performance, which also has been suggested in the context of Neural ODEs as SparseFlow [37].

Implicit penalty-based approaches

C-NODE [2] seek to reduce the overall number of input-output dependencies (i.e. paths of contri-
bution from input neuroni to output neuronj ) throughf W l gL

l =1 . The approach can result in both
feature and weight sparsity in NeuralODEs.
L 0 [40] incorporate a differentiableL 0 norm regularizer term in the objective. It implicitly prunes
the network by encouraging weights to get exactly to zero. TheL 0 regularizer is operationalized
using non-negative stochastic gates which act as masks on the weights.
PathReg[1] innovatively combines the strengths of both C-NODE and theL 0 approach to promote
both weight and feature sparsity in NeuralODEs. It uses stochastic gates similar to [40] and add a C-
NODE-inspired penalty terms that constrain the overall number of input-output paths by regularizing
theprobabilityof any path from inputi to outputj being non-zero.

Modeling gene regulatory dynamics As application, we consider estimation of gene regulatory
dynamics. Early work, such as COPASI [44] use a fully parametric modeling approach that are limited
in their prediction capabilities. With recent advances in machine learning, tools such as Dynamo
[50], PROB [57], and RNA-ODE [39] aim to learn regulatory ODEs using sparse kernel regression,
Bayesian Lasso, and random forests, respectively. Leveraging high �exibility and performance of
neural models, PRESCIENT [64] uses a simple NN to learn regulatory ODEs, whereas tools such
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Figure 2:Results on simulated data.We visualize performance of pruning strategies in comparison
to original PHOENIX (baseline) in terms of achieved sparsity (x-axis) and balanced accuracy (y-axis)
of the recovered gene regulatory network against the ground truth on the SIM350 data with 5% noise.
Error bars are omitted when error is smaller than depicted symbol.X indicate methods that leverage
prior information. Top left is best: recovering true, inherently sparse biological relationships.

as DeepVelo [9] and sctour [35] have a variational autoencoder as backbone. The latest line of
research [14, 1, 60, 27] uses neural ordinary differential equations [8]. However, a key limitation
of these methods is the lack of interpretability arising from non-sparse dynamics that do not align
with ground truth biology. Consequently, the induction of sparsity in gene regulatory ODEs has been
an active area of research with C-NODE and PathReg as most recent advances[2, 1], the achieved
sparsity levels are, however, not yet suf�cient to capture the relevant biology.

3 Domain-aware pruning with DASH

While the above sparsi�cation strategies have shown to perform well in various settings, the resulting
models are often either not particularly sparse or do not re�ect meaningful domain knowledge. We
hypothesize that this is due to two reasons: (1) the dif�culty of identifying a good sparse network
and (2) the current focus onhardware-centricrather thantask-centricpruning, valuing structural
pruning of a model in terms of groups of neurons (layers, channels) over structural pruning re�ecting
task-speci�c knowledge. To overcome these problems, we suggest to ground the model search (here,
the network training) with existing domain-speci�c knowledge, which eases identi�ability due to the
introduced constraints and enables task-aware pruning to identify meaningful domain knowledge.

In the following, we propose DASH (Domain-AwareSparsityHeuristic), an iterative pruning-based
approach that accounts for prior knowledge by scoring parameters in terms of their alignment with
this prior, and show its usefulness for a neural model for the inference of gene regulatory dynamics.
We assume the domain knowledge to be given as input-output relations (e.g., known protein—gene
interactions in molecular biology), for which we want the network �ow between any input and
output to align with. Suppose our domain knowledge for a task from this domain is given as a
real-valued relationship graphG = ( V; E), where nodes are relevant entities from the domain, e.g.
genes or proteins, and edges are a strength of association between these entities, e.g. evidence of
association derived from literature or experiments. Examples for such relational information in case
of protein—gene associations can be derived from protein binding pro�les [56]. For the rest of the
paper, we will assume that this domain knowledge is given as a matrixP 2 Rk � r , which encodes
the strength of association between thek inputs andr outputs for our task of interest, such as known
proxies of protein—gene interactions . Intuitively, for a one-layer neural network, we encourage
pruning scores for a (neural) network edge to be proportional to the corresponding edge in the prior
knowledge graphG while still taking into account the data-speci�c knowledge, thus enabling learning
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of new knowledge and robustness to wrong or missing information in the prior. We begin with this
simple base case of task-aware pruning of a fully connected neural network withL = 1 layer and
extend to more layers below.

DASH for L = 1 . For a single layer NN, withk input andr output neurons and corresponding
weight matrixW 2 Rr � k , we compute non-negativepruning scores
 2 Rr � k by leveraging
the domain knowledgeP 2 Rr � k . In practice, we allow balancing betweendata-drivenand
prior-knowledge-drivenpruning, implemented through a convex combination of the learned weights
W and prior domain knowledgeP controlled by the parameter� 2 [0; 1]. Alternating between
training and pruning akin to Iterative Magnitude Pruning [18], we set the following pruning score
during a pruning phase:


 ( t ) := (1 � � ) ^jW ( t ) j + � jP j ;

where ^jW ( t ) j represents the appropriately normalized matrix (details in Appendix B.2) of absolute
weights as learned up to epocht. We then prune the parameters inW ( t ) corresponding to the lowest
absolutept % of entries in
 ( t ) , wherept is the desired sparsity level at timet given by a schedule.

DASH for L = 2 . For two-layered NNs with weightsW 1 2 Rm � k ; W 2 2 Rr � m , i.ek inputs,r
outputs, andm hidden neurons, we consider knowledge about input-output relationshipsP 2 Rr � k

as before. We can additionally use further knowledge about input-input relationshipsC 2 Rk � k .
In molecular biology this could be information about binding or interaction partners available in
databases such as STRINGDB [58], which has also been employed to guide static gene regulatory
network inference [61], or co-regulators, derived from co-occurrence of proteins. Intuitively, we
now project pruning scores for the �rst layer to the prior knowledge about input-input relations,
encouraging closeness to this prior, while projecting the product of pruning scores of �rst and second
layer to known input-output relations, re�ecting the �ow of information from input to output through
these two layers. Given thatW ( t )

1 represents how thek inputs are encoded bym neurons, and
 ( t )
1

are the corresponding pruning scores, we surmise that the matrix product
 ( t )
1

|

 ( t )

1 2 Rk � k should

approximately align with the prior knowledgeC . Since solving
 ( t )
1

|

 ( t )

1 = C is not directly
feasible we initialize
 (0)

1 randomly, and resort to solving a recurrence relation version of problem,

that is
 ( t � 1)
1

|

 ( t )

1 = C. Using the left and right pseudo-inverse to obtain a solution to the above,
de�ned asPInvL (X ) = ( X | X ) � 1X | andPInvR (X ) = X | (XX | ) � 1 respectively:


 ( t )
1 := (1 � � 1)

^
jW ( t )

1 j + � 1

�
�
�PInvL

�

 ( t � 1)

1

| �
� C

�
�
�:

PInvL

�

 ( t � 1)

1

�
� C encourages
 ( t )

1

|

 ( t )

1 to iteratively align withC ast increases (i.e. as training

progresses). With
 ( t )
1 �xed, we can update scores
 ( t )

2 of the second layer parametersW ( t )
2 . Since

the productW ( t )
2 � W ( t )

1 2 Rr � k represents the overall �ow of information from inputs to outputs
at epocht, we surmise that(
 ( t )

2 
 ( t )
1 ) 2 Rr � k should re�ectP . We thus get


 ( t )
2 := (1 � � 2)

^
jW ( t )

2 j + � 2

�
�
�P � PInvR

�

 ( t )

1

� �
�
� :

Similar to the case for DASH forL = 1 layer, we can now prune the parameters ofW ( t )
1 andW ( t )

2

based on the magnitude of pruning scores
 ( t )
1 and
 ( t )

2 , respectively.

DASH for L > 2 For many interpretability-centric tasks, including our application to gene
regulatory networks, small architectures ofL = 2 are common, as domain experts are interested
in understanding the exact �ow of information through the network. Furthermore, we know that
two-layer neural networks exhibit universal approximation [11]. We however hypothesize that the
technique of computing pruning scores by �xing those of preceding layers can be extended to a larger
numberL of fully connected layers and elaborate in App. B.6.

Flexibility While the� l can be tuned using cross-validation (see App. B.4), we note that it allows for
�exibly encoding different pruning philosophies. Speci�cally, when� l = 0 8l, DASH corresponds to
SparseFlow, and when� l = 1 8l, DASH represents fully prior-based sparsi�cation (which we term
“BioPrune" and consider as experimental baseline).
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Table 1:Synthetic data results.We give model sparsity, balanced accuracy with respect to edges in
the ground truth gene regulatory network, mean squared error of predicted gene regulatory dynamics
on the test set, and number of epochs (till validation performance plateaus) as proxy of runtime.X is
used to indicate methods that leverage prior information. Results are on SIM350 data with 5% noise.

Strategy (X = prior-informed) Sparsity(%) Bal. Acc.(%) MSE (10� 3)

None/Baseline [27] 7:5 � 0:1 51:8 � 0:03 3:0 � 0:4

Penalty-
based
(implicit)

L 0 [40] 33:8 � 4:7 55:0 � 0:5 8:5 � 1:0
C-NODE [2] 6:2 � 0:5 55:9 � 0:1 2:8 � 0:6
PathReg [1] 56:5 � 1:5 61:9 � 1:0 8:0 � 1:8
PINN [27] X 9:9 � 0:4 58:6 � 0:7 2:5 � 0:2
DST[38] 92:8 � 0:3 71:9 � 0:5 4:0 � 0:5

Pruning-
based
(explicit)

IMP [18] 81:9 � 6:6 61:7 � 0:7 4:7 � 1:1
Iter. SynFlow [59] 79:3 � 1:2 58:4 � 0:6 7:0 � 2:1
SparseFlow [37] 96:0 � 0:01 70:9 � 1:5 3:6 � 0:6
BioPrune (Ours, see 3)X 83:5 � 1:9 87:3 � 0:8 2:6 � 0:9
DASH (Ours)X 94:6 � 1:2 90:7 � 0:4 2:4 � 1:2

Hybrid PINN + MP (Ours)X 87:0 � 0:01 82:4 � 0:2 2:3 � 0:3

4 Task-aware pruning for sparse gene regulatory dynamics

Perhaps one of the most interesting applications of Machine Learning is in the �eld of Molecular
Biology with the goal of understanding human health and disease. A central mechanisms in humans
is the process of gene expression in each cell. There, copies of short segments of our genome
are produced. These copies are among other things the blueprint for the production of different
proteins, which are needed virtually everywhere in our bodies. If this tightly regulated process
of gene expression goes wrong, for example because of a mutation in our genome, this can have
profoundly bad effects, such as in the case of cancer. As such, studying this process is of great interest
to understand and improve human health and discover new therapeutic targets.

Here, we consider the task of predicting the regulatory dynamics of gene expression. To be able
to understand the model and transfer it to clinical practice, interpretability is key. The most recent
developments in modeling gene regulatory systems allow to model actual (temporal) regulatory
dynamics, but require complex models, such as NeuralODEs, that hinder interpretability. While
state-of-the-art results are now achieved with shallow architectures [27] that are more tractable
than deep, heavily over-parameterized networks, these models still encode information across many
thousands of weights and we show experimentally that such information does not re�ect true biology
well. In fact, true gene regulatory networks and hence their underlying dynamics are inherently
sparse [6]. This sparsity should be properly re�ected by neural dynamics models. The PHOENIX
NeuralODE model will serve as our base model for applying sparsi�cation strategies and we show
that pruning aligned with prior domain knowledge improves interpretability as well as quality of
inferred (new) knowledge.

In a nutshell, given a time series gene expression sample fork genes, PHOENIX uses NeuralODEs to
construct the predicted trajectory between gene expressiong(t) 2 Rk (inputs) at timet = t i to any
future expressionbg(t i +1 ) (outputs), by implicitly modeling the RNA velocity (dg=dt). PHOENIX
uses biokinetics-inspired activation functions to separately model additive and multiplicative co-
regulatory effects. The trained model encodes the ODEs governing the dynamics of gene expression,
which can be directly extracted for biological insights. We apply DASH to PHOENIX and give a brief
review of the PHOENIX architecture in App. B.10 and a detailed account on how to apply DASH to
this architecture in App. B.11. Next, we provide experiments on synthetic and real data showing the
advantages of prior-informed pruning on the task of predicting gene-regulatory dynamics.
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