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ABSTRACT

Inverse design of composite molecular structures is computationally expensive because of vast
search spaces. The challenge is further exacerbated if the desired molecule is expected to simul-
taneously satisfy multiple properties. For instance, biopolymer nanocomposites offer significant
promise as sustainable plastic alternatives, but the candidates are required to meet multiple perfor-
mance criteria simultaneously, such as mechanical strength, biodegradability, optical transparency,
etc. Existing techniques often focus on only one property at a time and rely on computationally ex-
pensive genetic algorithms or perturbation-based optimization techniques. In this paper, we propose
FINDER (Fast INverse Design via Entropic-Risk-Based Counterfactual Explanations), a unified
framework for composite molecular design that can cater to multiple target properties efficiently us-
ing a novel iterative counterfactual generation mechanism. Counterfactual explanations, a term from
explainable Al, typically refer to the smallest possible changes to an input that can lead a machine
learning model to give a different desired output. FINDER brings in several new innovations: (i)
proposing a new constrained optimization for finding counterfactual explanations that satisfy multi-
ple target properties; (ii) introducing a flexible tuning knob via entropic risk that balances different
properties rather than a worst-case multi-property optimization (min-max); (iii) incorporating itera-
tive projected gradient descent that is much faster; and (iv) integrating with strings like SMILES to
modify functional groups and ultimately arrive at realistic and synthetically-achievable molecules.
Our experiments on the high-entropy alloys benchmark successfully find candidates with minimal
composition changes that satisfy multiple properties simultaneously. We further validate FINDER
on a real-world lab-generated dataset of biopolymer nanocomposites, finding entirely new composite
molecules with not just adjusted ratios but modified functional groups altogether.

1 INTRODUCTION

Artificial Intelligence (AI) has generated significant interest in accelerating material discovery across several applica-
tions (Han et al.| 2025 Horton et al., [2025), such as batteries, solar cells, electronics, biomaterials, drug discovery,
alloys, manufacturing catalysts, coatings, and advanced ceramics. A vast majority of Al-based techniques focus on
data-driven forward modeling for accurately predicting molecular properties, allowing one to screen thousands of
molecular candidates before they are synthesized in a laboratory. The alternative paradigm in Al-based molecular
discovery is functionality-driven discovery (inverse design), i.e., declaring the desired functionality or property first
(e.g., transparency above 90%) and then seeking to find candidates that have it. Inverse design is challenging because
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the design space of composite molecules and the ratios of their constituents can be quite vast, rendering brute-force
search too slow and computationally expensive.

Recently, counterfactual explanations (Wachter et al., [2017; [Verma et al., 2024) have emerged as a potential compu-
tationally efficient alternative to brute-force exploration in molecular discovery (Wellawatte et al.| 2022; Teufel et al.
2025). Counterfactual explanations, also referred to as counterfactuals, are a post-hoc explanation technique widely
used in explainable machine learning applications, such as hiring, healthcare, and finance. These explanations provide
insights into how a model’s prediction can be altered by identifying the smallest possible changes to the input that
result in a different desired output. Molecular counterfactual explanations aim to identify the minimum perturbations
to a given molecule that can lead to a different property. However, prior work (Wellawatte et al., 2022)) on molecular
counterfactual explanations have largely focused on only a single property at a time and relied upon genetic algorithms
or perturbation-based optimization techniques which are computationally expensive (could take hours to find a single
molecular counterfactual when varying both compositions of constituents as well as functional groups).

For a vast majority of applications, we are interested in finding molecular candidates that satisfy multi-
ple properties simultaneously. A notable example is new alloy synthesis (Rao et all [2022; Hastings et al.
2025) by finding optimal composition of constituent elements, leading to a desired stiffness and strength.
Data-driven approaches have ad-

PP . Factual instance: Counterfactual instance:

vanced atomistic simulation of com- = e o “Q/\ - b agis aLar ; ’
plex alloys, improving property pre- g i ey Qs 85399 P Cgc\__
diction capabilhtles Wu & Li .(2924). s WS ‘Q)ﬁbp o8 ENER Q ha -
Another significant use case is iden- cachabilit ~ cochabilit e
tifying new biopolymer nanocom- Detachability: 1 FireRR: 0 Detachability: 1 F%BR' . ®

. ; . , FlatnessuUni: @ TensileStrain: o FlatnessUni: 1 Ten&ileStrain: 1
p0s1t§s (HauSChlld & BJ¢I‘I‘1, 20237 TensileStress: @ TransIR: ) TensileStress: 1 TransIR: 1
Otoni et al.}[2021;|Zhang et al.|2022)  Transuv: 1 TransVIS: 1 Transuv: 1 TransVIS: 1

to serve as sustainable plastic al-

ternatives that satisfy multiple per- gjoyre 1: FINDER alters both compositions and functional groups in biopoly-
formance criteria, such as mechan- 1 nanocomposites, finding new derivatives of Chitosan within seconds that

ical strength, biodegradability, opti-  ¢a(isfy multiple desirable properties of sustainable plastics simultaneously.
mal transparency, etc. Finding a sin-

gle molecular counterfactual that simultaneously satisfies all target properties is nontrivial. Each individual property
might lead to a different counterfactual, whereas trying to find a counterfactual that satisfies all the properties may
increase cost or may not converge at all. Furthermore, simply adjusting the ratios of available components may not
suffice in all scenarios; modifications to functional groups, leading to entirely new molecules or derivatives may be
required to satisfy the properties simultaneously.

Towards addressing these challenges, we introduce FINDER (Fast INverse Design via Entropic-Risk-Based Coun-
terfactual Explanations), a unified framework for molecular design that can cater to multiple target properties quickly
and efficiently using a novel counterfactual generation mechanism (see Fig.[T). Our main contributions are as follows:

* Entropic-Risk-Based Counterfactual Explanations Balancing Multiple Properties. Rethinking an overly con-
servative worst-case approach for satisfying all properties (requires min-max optimization), we introduce a flexible
tuning knob that elegantly balances different properties via entropic risk (Follmer & Schied, 2002 Noorani et al.,
2025), a measure with roots in mathematical finance. This leads us to propose a new constrained optimization
for finding counterfactuals for composite molecules that we can solve quickly via iterative projected gradient de-
scent (Bubeck} 2015). In contrast to Noorani et al. (2025) which studies the entropic-risk aggregation of models
predicting the same property, FINDER aggregates the risk over heterogeneous properties, which introduces an inter-
property trade-off instead of model consensus. We also derive a theoretical guarantee for the fraction of properties
satisfied in Theorem 2.2

* Unified Input Representation Integrating Both Molecular Fingerprints and Ratios. FINDER relies on an in-
tegrated input representation that contains provisions for: (i) molecular fingerprints (often derived from SMILES
strings (Weininger, |1988))) of individual components; and (ii) their ratios. This enables us to find actionable molec-
ular counterfactuals with not just new ratios, but discover entirely new molecules with modified functional groups.

* Experimental Validation on Real-World Datasets. We first apply FINDER on the high-entropy alloys (Machaka,
2021) benchmark and successfully find compositions which satisfy multiple target properties simultaneously. Next,
we validate FINDER on a real-world lab-generated dataset of naturally-occurring biopolymer nanocomposites to
identify sustainable plastic alternatives that satisfy multiple performance criteria simultaneously, e.g., optical and
tensile properties. The input consists of 23 biopolymer fingerprints and their ratios. Here, FINDER focuses on



chitosan (Qian et al., [2023; |Glentham Life Sciences, [2022; Jiménez-Gomez & Cecilial 2020), a versatile natural
fiber with superior petrochemical properties preferred in biopolymer applications. FINDER not only alters ratios
but identifies new chitosan derivatives that satisfy multiple target properties simultaneously (recall Fig. [I)).

2  OUR PrROPOSED FRAMEWORK: FINDER

Theoretical Foundations: Counterfactuals are strongly tied to inverse design. Let m be a machine learning model
that maps an input vector x € X (e.g. a single molecular fingerprint or ratios of different components) to a coarse-
grained target property e.g., mechanical strength ‘high’ or ‘low’, transparency > 90% or not, etc. Now, given an input
x € X with m(z ) being undesirable as is (e.g., m( ) = low’ for mechanical strength), a counterfactual is another
nearby instance z’ € X for which the property is in a desirable range, e.g., m(z’) = "high’. Formally,

¥’ =argminc(z,u) st L(m(u)) <. (P1)
ucX

Here c(x, u) is the cost, e.g., molecular distance or similarity between = and u, and ¢(.) is a loss which ensures m(z’)
is in the desired class (satisfies properties). We define £ to be £(m(u)) = 1 — m(u) where m(u) € [0, 1], so that the
model predictions become as close to 1 as possible. Additional considerations for counterfactuals include sparsity,
chemical feasibility, etc. Few works in material science used genetic algorithms (Chakraborti, |2004) or perturbation-
based optimization (Nigam et al.l [2021; [Wellawatte et al., 2022)) to find counterfactuals 2’ which are model agnostic
but computationally expensive. In explainability literature, gradient-based solvers have been used for counterfactual
search in finance and healthcare (Wachter et al.,[2017; |Verma et al .l [2024) when the model m is differentiable.

Interestingly, despite advances in counterfactual explanations, the problem of finding a single counterfactual that
simultaneously satisfies multiple target properties is nontrivial. Formally, if M is the set of all the models predicting
different properties, [PT|can be extended to the worst-case optimization given by:

"= i .t 14 . P2
x argumelgc(x,u) st max (m(u)) <7 (P2)

The worst-case loss max,,ca £(m(u)) hedges against the worst possible (most challenging) property and can be
overly conservative. Sometimes, it may not even identify any counterfactual if there is no feasible region where all the
desired properties overlap. To mitigate this issue, we propose a new flexible constrained optimization using entropic
risk measure (Follmer & Schied, |2002), a tool from mathematical finance. Entropic risk allows a tuning knob to
balance different properties, while trading off computational cost. A formal definition is given below:

Definition 2.1 (Empirical Entropic Risk). Let m,(n = 1,...,N) be the set of property-predicting models. The
empirical entropic risk pg"(x) for the input x € X and a risk aversion parameter § € R is defined as:

Py (@) = log( Z 9“’“(“’)) (1)

Definition [2.T] helps relax the worst-case constraint in[P2]and propose a constrained optimization objective as follows:

~ent

2 = argnéig{lc(a:,u) st ot (u) < T (P3)

As 80— 00, the optimization converges to the worst-case constraint (most challenging). The parameter 6 is a tuning knob
that can be adjusted to control how many properties we can satisfy as we show in Theorem[2.2](proof in Appendix [A).
Our proposed optimization[P3|elegantly merges all the desirable properties into a single constraint along with a flexible
tuning knob . Choosing a high value of 6 helps satisfy more properties but requires more computational time. 7 acts
as a convergence tolerance. A higher 7 relaxes the feasibility criterion, allowing the algorithm to terminate earlier at
the cost of achieving fewer target properties. Theorem [2.2] captures the interplay between these parameters.

Theorem 2.2. [Guarantee on Properties Satisfied] Let x' be a counterfactual with p§"(z') < T (a feasible solution
for.) Also, let A, (x') be the set of property-predicting models m,, which satisfy mp(z') > «, i.e., Ay(2') =

|Aa(x’)\ 1_ef(r+a—1)
N

{mp|mnp(z') > a,n =1,..., N}. Then, the fraction of properties satisfied, i.e., is at least T —gr=2y -

Proposed Algorithm: FINDER efficiently solves our proposed optimization [P3]to find molecular counterfactuals that
simultaneously satisfy multiple properties. The key innovations in FINDER include:



Unified Input Representation: To allow provision for altering both molecular structures and ratios, we first propose
a representation based on molecular fingerprints (Rogers & Hahn, |2010) of the constituents computed from their
SMILES strings. A composite molecule x € X of K constituents is represented by a K x (d 4+ 1)-dimensional
vector, comprising of K blocks of length (d + 1), with each block representing a constituent of the mixture, i.e.,
T = [x1,20,...,2x] where 2 € [0,1]5*(@+D and 2; € [0,1]! fori = 1,..., K. A constituent block consists
of its molecular fingerprint of length d and its relative ratio in the mixture. Our unified input representation has three
main benefits: (i) It is a denser, fixed-length representation of the mixture compared to naively specifying ratios of
all possible ingredients such that only K values are non-zero; (ii) It is amenable to counterfactual modifications made
to the constituents themselves in addition to the ratios (by altering the fingerprint); and (iii) with a careful encoder
design, the input satisfies permutation invariance with respect to the blocks, i.e., the order of the constituents will not
alter the prediction. We train neural network models which use this input representation to predict multiple properties.

Fast Gradient-Based Solver: Once we have the property-predicting models and a given composite molecule x € X,
our goal is to solve [P3]to obtain the desired molecular counterfactuals that satisfy the desired properties. We propose a
novel two step process based on projected gradient descent. First, an ordinary counterfactual =’ (which may not satisfy
all properties) is generated using any existing counterfactual generating method (¢;norm closest counterfactual in our
case). Then, this partially valid counterfactual is updated until the entropic risk constraint p§"(z’) < 7 is satisfied.
This is done through a projected gradient descent process =’ < =’ — nV, pi"(2'). If the counterfactual exceeds the

valid region, it is projected back, e.g., ratios/fingerprints lie in [0, 1] (see Algorithm .

Mapping Back to Realistic and Synthetically-Achievable Molecules: The initial counterfactual will be a real-valued
vector with values in the range [0, 1] from the projected gradient descent, but the molecular fingerprints are binary
vectors. To obtain realistic fingerprints, we first round off the values to the nearest integer (0 or 1). Next, we find the
nearest neighbor from a list of synthesizable modifications (e.g., the derivatives of Chitosan) based on the Tanimoto
similarity (Tanimoto, |1958) of the two fingerprints, which becomes our final suggested molecular counterfactual.

Algorithm [I]lists the main steps of iteratively optimizing [P3|using projected gradient descent (Bubeck} [2015). We use
a multi-objective version of the minimum cost counterfactual generation (Wachter et al.,[2017) as the initial ordinary
counterfactual generation method C,(.) to get a starting point (which may or may not satisfy all the properties), after
which we integrate our proposed FINDER to iteratively refine this counterfactual to satisfy multiple properties. See
details on Scalarized MO baseline in Appendix for more details on C,(.)

Algorithm 1: FINDER: Fast INverse Design via Entropic-Risk-Based Counterfactual Explanations

Input: Input instance x, Model ensemble M = {m,...,my}, 6 > 0,7 > 0, Gradient descent step size 1), max_iter € 7T,
Set of features allowed to be modified F, Permitted ranges P
Output: A counterfactual 2" which satisfies multiple target properties simultaneously.

x « Cp(z, M) ; // Generate ordinary counterfactual
while pg"(z') > 7 and i < max_iter do
for f € Fdo
| 2'[f] < 2'[f] = 0V pg" (@[] ; // Update only the features in F
end
x' < Project(z’,P); // Project features to the permitted ranges
P 1+1;
end
if p5"(2') < 7 then
‘ return z’ ; // Return the valid counterfactual
else
\ return Error ; // Return error if a valid counterfactual is not found
end

3  EXPERIMENTS

High-Entropy Alloys (HEAs). HEAs are a class of materials made from five or more principal elements, unlike
traditional alloys that have fewer base elements. The High-Entropy Alloys dataset (Machakal |2021) consists of 1,460
microstructural observations from 418 peer-reviewed studies. They cover a vast compositional space, along with 36



metallurgy-specific predictor features (multi-class classification). Our inverse design objective is to identify minimal
changes in alloy compositions that can satisfy seven properties: Density_Calc, dSmix, dGmix, Tm, Phases, VEC,
and Elect_Diff (see results in Table[I). We compare the average counterfactual generation time of FINDER with four
baselines including one alternative method and three established techniques: (i) A scalarized multi-objective loss based
on binary cross entropy (Scalarized MO), which is also used as the base counterfactual generating method for FINDER;
(ii) A basic genetic algorithm (Fortin et al.,[2012) (Genetic); (iii) Non-dominated Sorting Genetic Algorithm-II (NSGA-
II) (Deb et al.,|2002); and (iv) Bayesian optimization (Nogueiral [2014) (Bayesian). Table@]presents the results. The
hyperparameters for Genetic and Bayesian methods were tuned using opt una within computationally feasible ranges
with the objective of maximizing the average number of target properties. The results show that FINDER offers a
better trade-off between the generation time and the number of target properties achieved, clearly improving the base
generating method. Table[6] presents the per-target achievements rates averaged over the generated counterfactuals. It
can be observed that Density_Calc remains to be the most challenging target property to achieve.

Additional details and results including the model architecture (Fig. [2), proportion of counterfactuals achieving each
property (Table[6), and details on the baselines and the dataset are in Appendix [B]

Table 1: FINDER on HEA dataset: Avg. time taken to find a counterfactual (in seconds), Avg. distance to the coun-
terfactual from the original instance (2 norm), and Avg. number of target properties satisfied by the counterfactual.
6=o0.1 6=1 6 =10

T

Time Distance  # Properties Time Distance  # Properties Time Distance  # Properties

0.3 0.9681 4.3701 6.4454 1.0879 43717 6.4720 2.1763 4.3623 6.9735
04 0.9601 4.3686 6.4454 0.9470 4.3690 6.4690 1.0954 4.3735 6.7198

Table 2: Average counterfactual generation time of FINDER and the baselines. In order to solely focus on the number
of target properties achieved, we set the corresponding weight Ay to zero in each optimization. The average number
of target properties achieved by the original instances is given for reference.

Method Hyperparameters Time # Properties
FINDER T = 0.3, 0 = 10, Scalarized MO as the base generating method 0.7656 6.9941
Scalarized MO Adist = 0 0.6244 6.6165
Genetic population size = 43, number of generations = 28, cross-over prob. = 0.662, mutation prob. = 0.148, Agisx = 0 1.2046 6.0472
NSGA-II population size = 10, number of generations = 10, cross-over prob. = 0.5, mutation prob. = 0.2, Agix = 0 4.1387 6.1386
Bayesian number of initial points = 4, maximum number of attempts = 10, Agisxc = 0 6.2940 4.0000
Original instances  not applicable n/a 3.8614

Biopolymer Nanocomposites as Plastic Alternatives. Biopolymer nanocomposites can potentially match or exceed
the performance of petrochemical plastics in mechanical resilience, transparency, dielectric strength, and antimicrobial
properties (Chen et al.| 2024} Hauschild & Bjgrn, |2023). However, the space of naturally occurring biopolymers,
combined with diverse chemical functionalization routes, generates countless potential candidates for inverse design.
We use a real-world lab-generated dataset of 1472 composites derived from a library of 23 naturally occurring and
Generally Recognized As Safe (GRAS) components, such as cellulose, chitosan, gelatin, starch, etc. (see Appendix|C).
The dataset consists of biopolymer nanocomposites formed by combining these 23 components (we consider mixtures
of N = 4 components) and their optical and mechanical properties. Of particular interest is chitosan, a prominent
biopolymer derived naturally from chitin, with significant potential in sustainable material design. Given a biopolymer
containing chitosan, our inverse design objective is to identify new chitosan derivatives that satisfy desirable properties.
Here, FINDER is able to successfully modify the functional group leveraging Morgan fingerprints computed based
on the SMILES string (going beyond simply adjusting ratios) and arrive at nearby chitosan derivatives within seconds
(see Algorithm 2] in Appendix [C). FINDER allows a trade-off between the computational time and the number of
satisfied target properties (see Table[3)).

Table [] shows the average number of target properties achieved by counterfactuals after going through the steps
of heuristic rounding-off and most similar chitosan derivative substitution. The results show that the effect is not
consistent over the steps causing both increments and reductions. Table [6] presents the per-targe achievements rates
averaged over the generated counterfactuals. While FireRR and TransUV remain to be the most challenging target
properties to achieve, it can be observed that increasing € systematically improves the proportion of counterfactuals



which achieve a given target property. Additional details and results including model architecture (Fig. [6) and the
unified input representation (Fig. ) are in Appendix

Table 3: FINDER on Biopolymer Dataset. Avg. time taken to compute a counterfactual (in seconds, Time), Avg.
Tanimoto similarity (Sim.) of the counterfactual Chitosan derivative Morgan fingerprint, and Avg. number of target
properties satisfied (out of 8, # Prop.).

- 6 =0.1 6 =0.3 60 =0.5 6=1 6 =10

Time Sim. #Prop. Time Sim. #Prop. Time Sim. #Prop. Time Sim. Prop. Time Sim. # Prop.

0.4 9.61 0.17 6.056 9.95 0.17 6.176 1020  0.17 6.125 10.54  0.17 6.333 13.27 0.17 6.857
0.42 8.38 0.19 5.905 8.95 0.19 5.900 8.75 0.19 5.900 9.22 0.19 5.842 11.74  0.18 6.000
0.45 7.35 0.20 5.750 7.74 0.20 5.750 7.96 0.20 5.783 7.95 0.20 5.696 10.58 0.19 5.643
0.48 6.52 0.20 5.704 6.80 0.20 5.731 7.20 0.20 5.654 6.85 0.20 5.577 9.13 0.20 5.263

Table 4: Ablation study: Average number of target properties achieved by a counterfactual at each step of generation
(out of 8 properties in total).

STEP 6 =0.1 6=1 6 =10
T7T=042 T=048 T=042 T =048 T =0.42 T =0.48
STEP 1: Raw counterfactuals 5.905 5.704 5.842 5.577 6.000 5.263
STEP 2: Rounded off 6.095 5.926 5.947 5.808 6.250 5.632
STEP 3: Substituted 6.048 5.889 5.895 5.769 5917 5.579

Limitations and Future Work: FINDER requires the predictive models to be differentiable and faithful to the actual
chemical attributes of the materials. Chemically-aware generation of counterfactuals and real-world validation of the
generated counterfactuals has not been studied in this work, and are interesting directions for future research. While
the biopolymer nanocomposite dataset provides a real-world benchmark for FINDER, some of the sub-datasets are
smaller in size. Evaluating FINDER on multiple larger real datasets remains an important future work.

Conclusion: This work pushes the boundary of inverse design by addressing the inherent challenges of multi-property
optimization, where a perfect solution satisfying all criteria often does not exist. By providing a flexible approach
based on entropic risk, FINDER allows for a controlled trade-off between computational search time and the number
of properties satisfied. Furthermore, noting that simply adjusting ratios may fail to find viable candidates, FINDER
significantly expands the search space by also exploring new functional groups, enabling the discovery of a broader
range of realistic and synthetically achievable molecules.
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SUPPLEMENTARY MATERIALS

A ADDITIONAL DETAILS ON OUR THEORETICAL RESULTS

Entropic risk has its roots in mathematical finance (Follmer & Schied| [2002; Noorani et al., [2025).

To make sure counterfactual explanations are useful and actionable to the users, we not only need them to be close but
also require them to stay valid under a reasonable fraction of the models within an ensemble. In general, it might even
be impossible to guarantee the existence of a counterfactual that stays valid for all possible models in an ensemble.
However, one might be able to ensure acceptance for a subset of models. This generates a need for an adjustable knob
to obtain counterfactuals that accommodate varying fraction of properties.

Theorem 2.2. [Guarantee on Properties Satisfied] Let ©' be a counterfactual with pj"(z') < T (a feasible solution
for[P3). Also, let Ay (') be the set of property-predicting models m,, which satisfy m,(z') > «, i.e, Aq(z') =

|Aa (2] 1_efrta—1)
N s atleast T——5a—y.

{mpn|mn(z") > a,n =1,..., N}. Then, the fraction of properties satisfied, i.e.,

. . . . . [Aa()]
Proof of Theorem[2.2] For brevity, we let 1, (") denote the fraction of properties satisfied, i.e., *—x—.

From the upper bound on the entropic risk,
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Significance. The significance of our theoretical guarantee is that it demonstrates that any feasible solution to our
proposed optimization will always satisfy a fraction of properties. This enables us to adjust the hyperparameters 7 and
0 based on our requirements, so that we can tailor the algorithm to satisfy the desired number of properties.

B ADDITIONAL DETAILS ON EXPERIMENTAL SETUP 1: HEA DATASET

Dataset: The High-Entropy Alloys (HEA) dataset (Machaka, [2021)) consists of 1,460 microstructural observations
from 418 peer-reviewed studies to aid in the design of future High-Entropy Alloys (HEAs). They cover a vast com-
positional space and a broad range of microstructures. The dataset comprises features including the proportions of 25
elements in a metal alloy, along with their metallurgy-specific predictor features. Out of these, we consider the set
of proportions of each element in the alloy as the input to a machine learning model. Seven properties (Density_calc,
dSmix, dGmix, Tm, Phases, VEC, and Elect_Diff.) selected out of the remaining features are considered as the tar-
gets. These seven targets were selected in order to achieve a minimum number of missing values. In order to convert
the numerical properties into classification labels, we threshold them at their median value. Multi-class labels were
converted to binary by grouping the classes into two groups. Rows with missing values are removed. Consequently,



the final dataset comprises 1355 instances with 25 input features and 7 targets, which is split into train, validation and
test sets with sizes 50%, 25%, and 25%, respectively.
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Figure 2: Model architecture used with the HEA dataset.

Model: A neural network consisting of a shared encoder and seven binary classification heads (one per each target)
is used for prediction. The input is normalized so that the effect of proportions will depend only on the relative
magnitudes. Fig. [2]illustrates the model architecture. The loss for the multi-target classification was computed as

= Z Lck (9:(n), vi) (7)

where 7) denotes the parameters of the model, Lcg is the cross-entropy loss, §;(n) is the predicted class probability,
and y; is the true class for the i target property. Adam optimizer was used for training with a learning rate of 0.001
and a batch size of 32. The model was trained for 100 epochs and the model with the best validation loss was selected.

Counterfactual generation using FINDER: The inverse design objective is to identify minimal changes in alloy
compositions that can satisfy the seven target properties (i.e., achieve a prediction of 1 for all the seven properties).
We iteratively solveusing projected gradient descent to ensure all the proportions stay within the range [0, 1].
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Figure 3: An example counterfactual generation for the HEA dataset.

Baselines: We compare the average counterfactual generating time of FINDER with four baselines: Scalarized MO,
Genetic, NSGA-II, and Bayesian. Below, we explain each method in detail.

1. Scalarized MO is the base counterfactual generating method C,,(x, M) used in FINDER (see Algorithm . The
method involves using projected gradient descent to minimize the following loss function:

PrOPZECE mi(z'), 1) + Adistl|2 — x/Hp' (®)
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Here, Lcg(, 1) is the ordinary cross entropy loss with the true label set to 1 in order to achieve the target properties.
||| is the vector p—norm, and x denotes the original instance. Aprop, Adist € R(J{ balance the trade-off between the
distance and the number of target properties achieved. We use gradient descent to minimize £(x") over .

2. Genetic method uses the basic genetic algorithm eaSimple offered by the DEAP library (Fortin et al. 2012},
which maximizes the following objective:

T (@) = Aprop D Lfi(e’) = 1] = Aaisclle — 2’ ©)
=1

where y;(+) is the predicted label from model m; and 1[-] is the indicator function.

3. NSGA-II baseline uses the Non-dominated Sorting Genetic Algorithm-II (Deb et al., 2002) to maximize the same
objective function equation[9]as the Genetic method.

4. Bayesian method uses Bayesian optimization (Nogueiral [2014) to maximize the same objective function as NSGA-
II and Genetic methods.

Hyperparameters of the Genetic and the Bayesian methods were optimized using the optuna library, with the hyper-

parameter ranges given in Table[5] The objective was the number of target properties achieved, computed for a subset
of the original instances in the test set.

Table 5: Hyperparameter optimization details of the baselines.
Method Hyperparameter range Trials

Population size € [5, 50]
Number of generations € [5, 50]

Genetic Cross-over probability € [0.1,0.7] 20 iterations with
Mutation probability € [0.1,0.3] 140 instances
Aprop € [5.0,20.0]
Adist € [05, 20}
Number of initial points € [3, 20]

Bayesian Maximum number of attempts € [5, 10] 20 iterations with
Aprop € [1.0,30.0] 100 instances

Adist € [01,50}

Additional experimental results: Fig. [3|shows an example instance of counterfactual generation using the FINDER
algorithm. The algorithm suggests a new composition which satisfies a significantly higher number of target properties
when compared to the original instance. Table [6] shows the proportion of counterfactuals which achieves each target
property. The proportions increase with increasing 6 and decreasing 7.

Table 6: Proportion of counterfactuals that satisfy each target property (HEA dataset). The proportion of counterfac-
tuals satisfying each property increases with higher 6 and lower 7.

6=0.1 6=1 6 =10

Target property
7=03 T=04 7T=03 T=04 7T=03 T=04

Density_calc 0.457 0.457 0.481 0.481 0.991 0.737
dSmix 0.991 0.991 0.991 0.991 0.991 0.991
dGmix 1.000 1.000 1.000 1.000 1.000 1.000

Tm 1.000 1.000 1.000 1.000 0.991 0.991
Phases 1.000 1.000 1.000 1.000 1.000 1.000
VEC 0.997 0.997 1.000 0.997 1.000 1.000
Elect_Diff. 1.000 1.000 1.000 1.000 1.000 1.000
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C ADDITIONAL DETAILS ON EXPERIMENTAL SETUP 2: BIOPOLYMERS DATASET

Dataset: The dataset consists of 4 independently collected sub-datasets covering 8 target properties namely Flatnes-
sUni, Detachability, TransVis, TransIR, TransUYV, TensileStress, TensileStrain, and FireRR. The input features are the
ratios of 23 components (see Fig. ] and Table 8) in a nanocomposite mixture. For this particular experiment, we filter
out the mixtures with only N = 4 components at a time. All the properties except FlatnessUni and Detachability are
originally numerical. In order to convert them to binary labels, we threshold the values at the median. Accordingly,
our goal is to find a nanocomposite which satisfies all the target properties, i.e., achieves a prediction of class 1 for
all the targets. For the counterfactual generation, we consider nanocomposites with chitosan as a component for ini-
tial instances, leaving us with 27 initial candidates for counterfactual generation. The set of features allowed to be
modified during the generation includes the ratios of all the components and the fingerprint of the chitosan. This way,
the resultant counterfactual will always comprise a chitosan derivative and the remaining original component, with
suitably modified ratios. See Fig. [5]for more details on the input format. Table[7] gives additional information about
the sub-datasets. All datasets were split into train, validation and test sets with sizes 60%, 20% and 20%, respectively.

Table 7: Details of the sub-datasets used in the experimental setup 2.

Sub-dataset Properties Number of samples
grade FlatnessUni, Detachability 990
optical TransVis, TransIR, TransUV 171
tensile TensileStress, TensileStrain 207
fire FireRR 104
Low-Dimension Materials Biopolymers Additives
Laponite Silk Sodium Furfural | Glycerol Lactic
(LAP) (SLK) | Alginate (ALG) | (FFA) (GLY) Acid (LAC)
Montmorillonite Gelatin Pullulan Pectin Xylitol Levulinic
(MMT) (GEL) (PUL) (PEC) (XYL) Acid (LEV)
Sodium Carboxymethyl Chitosan Carrageenan Zein Sorbitol Succinic
Cellulose (CMC) (CHS) (CAR) (ZIN) (SRB) Acid (SUA)
Cellulose Nanofiber Agarose Starch Gluten | Phytic Acid
(CNF) (AGR) (STA) (GLU) (PHA)

Figure 4: List of 23 naturally-occurring GRAS materials

Input Representation: To allow provision for altering both molecular structures and ratios, we first propose a rep-
resentation based on molecular fingerprints of the constituents computed based on their SMILES strings (see Fig. [3).
Accordingly, each nanocomposite mixture z € X is represented by an N x (d + 1)-dimensional vector comprising of
N = 4 blocks of length (d + 1), with each block representing a constituent of the mixture, i.e., z = [z1,...2z4]. The
fingerprint is computed using rdkit Morgan generator, with a length of d = 512 and a radius of 2. A given block
consists of its molecular fingerprint and the ratio in the mixture, i.e., z; = [p; 1, . . . Di4, ;] Where Dij,J=1,...,dare
the elements of the fingerprint and r; is the ratio of the i component. When generating counterfactuals, component 1
is always fixed to be chitosan.

Componentl | Componentl| Component2 [Component2 Component3 | Component3
fingerprint ratio fingerprint ratio fingerprint ratio
\ﬁ{_l H(_) H_J \ \
Y Y
Binary Decimal Binary Decimal Bmary Decimal
vector with value in vector with value in vector with value in
length 512 range (0,1) length 512 range (0,1) length 512 range (0,1)

Figure 5: Input representation. Input vector consists of N = 4 blocks, each with length d + 1 where d = 512. Each
block consists of the molecular fingerprint of the corresponding component and its ratio in the nanocomposite. When
generating counterfactuals, component 1 is always fixed to be chitosan.

Model: The model comprises a shared encoder and multiple classification heads, one per each target property. Both
components are trained end-to-end on all the 4 datasets, with sample mixing. As the first step, the encoder generates
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Table 8: Library of 23 components used for preparing the lab-generated dataset of biopolymer nanocomposites, along
with their SMILES representations.

Material Abbr. SMILES string
Agarose AGR C1C2C(C(01) C(C(02)0)0)OC3C(C(C(C(03)CO)0) OCAC(C5C(C(04)CO5)0CHC(C(C(C(06)CO) 0)0)0)0)O
Sodium Alginate ALG C1(C(C(OC(C10)0)C(=0)[0-])0)O.[Na+]
Carboxymethyl Cellulose CMC CC(=0)[0-].C(C(C(C(C(C=0)0)0)0)0)O.[Na+]
Carrageenan CAR CCC(=0)C1=C(C(=C(C=C1)F)C2CC2NC(=0)NC3=NC=C(C=C3)C#N)0.CC(=0)[0-].CC(=0)[O-].[Zn+2]
Cellulose Nanofiber CNF C(C1[C@H](C(C(C(01)0)0)0)O[C@H]2C(C(C(C(02)CO)0)0)0)O
Chitosan CHS COC(=0)N[C@ @H]1[C@H]([C@ @H]([C@H](O[C@H]10[C@ @H]2[C@H](O[C@H]([C@ @H]

(([C@H]20)N)O[C@ @H]3[C@H](O[C@H]([C@@H]  ([C@H]30)N)O)CO)CO)CO)O[C@H}4[C@ @H]([C@H]
([C@ @H](|C@H](04)CO)O[C@H]5[C@ @H]([C@H] ([C@ @H]([C@H](05)CO)O[C@H]6[C@ @H](|[C@H]([C@ @H]

([C@H](06)CO)O[C@H]7[C@ @H] ([C@H]([C@ @H](|[C@H](07)CO)O[C@H]8[C@ @H]
([C@H]([C@ @H]([C@H](08)CO)O[C@H]9[C@ @H] ([C@H]([C@ @H]([C@H](09)CO)0)O)N)O)N)O)N)O)N)O)N)O)N)O
Furfural FFA C1=COC(=C1)C=0
Gelatin GEL [H][C@@]1(C[C@ @](C)(OC)[C@@H](0) [C@H](C)O1)O[C@H]I[C@H](C)[C@ @H](O[C@]2([H])O[C@H](C)C[C@ @H]
([C@H]20)N(C)O)[C@](C)(O)C[C@ @H](C)C(=0)[C@H](C) [C@ @H](0)[C@](C)(0)[C@ @H](CC)OC(=0)[C@ @H]1C
Gluten GLU CC(C)CC(C(=0)O)NC(=0)C(CC1=CNC2=CC=CC=C21)NC(=0)CNC(=0)CNC(=0)C(CC3=CC=C(C=C3)O)N
Glycerol GLY C(C(CO)0)0
Lactic Acid LAC CC(C(=0)0)0
Laponite LAP [Li+].[Li+].[OH-].[OH-].[OH-].[OH-].[OH-].[OH-].[OH-].[OH-].[OH-].[OH-].[OH-].[OH-].[O-
1[Si]120[Si]3(O[Si](01)(O[Si](02)(03)[O-])[O-])[O-].[O-][Si]120[Si]3(O[Si](O1)(O[Si](02)(03)[O-D[O-D[O-
1.LO-][Si]120[Si]3(O[Si](01)(O[Si](02)(03)[O-D[O-D[O-].[0-][Si]120[Si]3(O[Sil(O1)(O[Si](02)(03)[O-])[O-
DIO-1.[O-][Si]120[Si]3(O[Si](01)(O[Si](02)(03)[O-D[O-D[O-].[0-][Si] 120[Si]3(O[Sil(O1)(O[Si](02)(03)[O-
DIO-D[O-]. [Na+].[Na+].[Mg+2].[Mg+2].[Mg+2].[Mg+2]. [Mg+2].[Mg+2].[Mg+2].[Mg+2].[Mg+2].[Mg+2].
[Mg+2].[Mg+2].[Mg+2].[Mg+2].[Mg+2].[Mg+2]
Levulinic Acid LEV CC(=0)CCC(=0)O
Montmorillonite MMT 0.[0-2].[0-2].[0-2].0=[Si]=0.0=[Si]=0.0=[Si]=0.0=[Si]=0.[Al+3].[A]+3]
Pectin PEC CCICCOC(C10)(C2CC3C(02) C=CC (=CC(CC4(CCC(04)C56CCC(05) (CC(06)CTC(=0)CC(OT)(C(CECCCI(08)
CCCC(09)C(C(=0)03) C)0)C)C(=0)0)C)C)O)O
Phytic Acid PHA C1(C(C(C(C(C10P(=0)(0)0)OP(=0)(0)0)OP(=0)(0)0)OP(=0)(0)0)OP(=0)(0)0)OP(=0)(0)O
Pullulan PUL [OC[C@H]10[C@H](O[C@H]20[C@H] (CO)[C@ @H](0)[C@H](0)[C@H]20 [C@H]30[C@H](CO)[C@ @H](0)
[C@H](0)[C@H]30)[C@ @H](0)[C@H](0)[C@H]10]
Silk SLK [NC(=0)[C@H](CO)NC(=0)[C@H](C)NC(=0)CNC(=0)[C@H](C)N]
Sorbitol SRB C([C@H]([C@H]([C@ @H]([C@H](C0O)0)0)0)0)O
Starch STA C([C@H]1[C@H]([C@@H]([C@H](01)O[C@H]2[C@H]([C@ @H](|C@H](02)0)0)0)0)0)*
Succinic Acid SUA C(CC(=0)0)C(=0)0
Xylitol XYL OC[C@ @H](0)[C@H](0)[C@@H](0)CO
Zein ZIN [NH]C(=0)[C@H]C

a latent representation for each component of the nanocomposite by acting upon each block of the input vector.
Next, these latent representations are aggregated by summing them together, resulting in a permutation-invariant (in
terms of the order of the components in the mixture) intermediate representation of the nanocomposite. Finally, the
classification head generates the binary prediction based on this latent representation. See Fig. [6] for more details on
the architecture. The model was trained for 100 epochs with a learning rate of 0.001, a weight decay of 0.0001, a
dropout probability of 0.5, and a batch size of 32. Best epoch in terms of average AUC-ROC over the validation set
was used as the final trained model.

Counterfactual generation using FINDER: A realistic counterfactual corresponding to a given initial instance is
found in three steps. First, an initial raw counterfactual is found using the entropic-risk-based counterfactual generating
algorithm. This is done by allowing the chitosan fingerprint and the ratios of all the components to vary. The ranges
for the values are restricted to [0, 1] as it suits both the elements of the fingerprint and the ratios. While the ratios are
guaranteed to be realistic, the resulting counterfactual fingerprint can now contain decimal-valued elements. In order
to convert them to binary values, we next round off the elements to the nearest integer (0 or 1 since the values are
within [0, 1]), giving a rounded-off counterfactual. Finally, to ensure the fingerprint corresponds to a realistic and a
synthesizable chitosan derivative, it is replaced with the fingerprint of the most similar chitosan derivative in terms of
the Tanimoto similarity (Tanimotol [1958) selected from a library of chitosan derivatives. Algorithm |2| summarizes the
above steps.

Additional experimental results: Table [6] presents the per-target achievement rates averaged over the generated
counterfactuals. While FireRR remains to be the most challenging target property to achieve, it can be observed that
increasing € systematically improves the proportions.
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Input Fingerprint length = 512, Number of materials = 4
Input vector dim = [1, (512 + 1) x 4] =[1, 2052]

FP1_1,...,FP1 512, Ratiol || FP2_1l,....,Ratio2 | ...... , Ratiod
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Figure 6: Model architecture for predicting properties of biopolymer nanocomposites. A shared encoder is used with
multiple classification heads, one per each target property.

Algorithm 2: Utilizing FINDER for novel chitosan-based biopolymer nanocomposites design

Input: Initial nanocomposite mixture =, machine learning model m, hyperparameters 6 and 7, chitosan derivative
library C, fingerprint generator g
Output: A realistic, synthesizable entropic-risk-based counterfactual z’
STEP 1: Find a raw counterfactual
)y, + FINDER(z,m, 0, 7, features to vary = {p11,...,p1,4, 71, - ., 7~} Within range [0, 1])
STEP 2: Round off fingerprint elements
x;()und .
fori < 1toddo
‘ xéound[i] — round('r;ound)m
end
STEP 3: Substitute nearest chitosan derivative
max_similarity < 0
' méound
for chitosan derivative c € C do
similarity < Tanimoto (z,4[1 : d], g(c))
if similarity > max_similarity then
max_similarity <— similarity
2'[1:d] + g(c)
end
end
return z’ ;
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Table 9: Proportion of counterfactuals that satisfy each target property (Biopolymers dataset). The proportion of
counterfactuals satisfying each property increases with higher 6 and lower 7.

6 =0.1 6 =0.3 6 =0.5 6=1.0 6 =10
Target property
T = 0.48 T=0.4 T = 0.48 T=0.4 T =0.48 T=0.4 T = 0.48 T=0.4 T = 0.48 T=0.4
Detachability 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
FireRR 0.074 0.167 0.077 0.118 0.077 0.125 0.115 0.133 0.158 0.286
FlatnessUni 0.741 0.944 0.769 0.941 0.769 0.938 0.769 1.000 1.000 1.000
TensileStrain 0.963 0.944 0.962 1.000 0.962 1.000 0.923 1.000 0.895 1.000
TensileStress 0.519 0.833 0.538 0.824 0.538 0.812 0.538 0.867 0.842 1.000
TransIR 0.926 0.889 0.923 0.941 0.885 0.938 0.885 0.933 0.737 1.000
TransUV 0.593 0.444 0.577 0.471 0.538 0.438 0.538 0.467 0.211 0.571
TransVis 0.889 0.833 0.885 0.882 0.885 0.875 0.808 0.933 0.421 1.000
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