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Abstract—We introduce Multi-Objective Counterfactuals for
Design (MCD), a novel method for counterfactual optimization
in design problems. Counterfactuals are hypothetical situations
that can lead to a different decision or choice. In this paper,
the authors frame the counterfactual search problem as a
design recommendation tool that can help identify modifica-
tions to a design, leading to better functional performance.
MCD improves upon existing counterfactual search methods by
supporting multi-objective queries, which are crucial in design
problems, and by decoupling the counterfactual search and
sampling processes, thus enhancing efficiency and facilitating
objective tradeoff visualization. The paper demonstrates MCD’s
core functionality using a two-dimensional test case, followed
by three case studies of bicycle design that showcase MCD’s
effectiveness in real-world design problems. In the first case study,
MCD excels at recommending modifications to query designs
that can significantly enhance functional performance, such as
weight savings and improvements to the structural safety factor.
The second case study demonstrates that MCD can work with a
pre-trained language model to suggest design changes based on a
subjective text prompt effectively. Lastly, the authors task MCD
with increasing a query design’s similarity to a target image and
text prompt while simultaneously reducing weight and improving
structural performance, demonstrating MCD’s performance on
a complex multimodal query. Overall, MCD has the potential to
provide valuable recommendations for practitioners and design
automation researchers looking for answers to their “What
if” questions by exploring hypothetical design modifications
and their impact on multiple design objectives. The code, test
problems, and datasets used in the paper are available to the
public at decode.mit.edu/projects/counterfactuals/.

I. INTRODUCTION

Modifying existing designs to generate new ones is an
essential aspect of various engineering sectors, such as
aerospace, automotive, architecture, pharmaceuticals, con-
sumer goods, and many others. Design modification signif-
icantly impacts the performance, efficiency, and safety of
engineered systems. Effective methods for design modification
can lead to more sustainable and environmentally friendly
technologies, better transportation systems, and safer infras-
tructure. Furthermore, improved design modification methods
can enable cost savings and improved efficiency, making
products more accessible and affordable for society. However,
coming up with good design modifications can be challenging,
as it requires navigating huge design spaces and making nu-
merous trade-offs between competing objectives. Often there
are too many design attributes and potential modifications to

consider. Not surprisingly, designers often struggle with the
available choices and may often ask themselves, “What if?”.

As a designer, the ability to ask “What if?” questions
is crucial in the iterative process of design modification.
By exploring hypothetical scenarios, designers can identify
opportunities to improve design performance and functionality.
However, answering “What if?” questions can be challenging
as it requires considering an extensive range of potential
modifications and their effects on multiple design objectives.
Counterfactuals are a powerful reasoning tool that allows
designers to ask such questions by exploring hypothetical
design modifications and their impact on multiple design
objectives.

A counterfactual is a hypothetical situation that depicts
what could have happened if a specific event or action did
not occur. It requires envisioning an alternate reality where
a different choice or decision was made and analyzing the
differences in results. Counterfactuals are often employed in
reasoning, decision-making, and causal inference. They aid in
comprehending the impact of particular events or actions on
outcomes and considering the ramifications of various choices.

Counterfactuals are typically employed to understand how
an outcome would change given a different set of actions.
This style of counterfactual can be applied to design problems
to answer questions like: “How would the performance of
this design change if I modified this particular attribute?”
There are many tools to predict these ‘classic’ counterfactuals,
such as simulations and predictive models. In this work, we
instead consider an ‘inverse’ counterfactual problem, which
states: “What events would have needed to occur to result in
this other outcome?” In design contexts, this often equates
to the question: “What attributes of my design would I need
to change to achieve a particular performance target, design
classification, or functional requirement?”

This paper proposes an approach to answer such ‘inverse’
counterfactual hypotheticals using multi-objective optimiza-
tion. Our proposed approach, Multi-Objective Counterfactuals
for Design (MCD), allows users to input a design and a set
of desired attributes, then recommends targeted modifications
to the design to achieve these attributes. It identifies these
modifications by querying a set of attribute predictors in a
directed search procedure dictated by an evolutionary algo-
rithm. We demonstrate how predictors ranging from machine



learning regressors to text embedding models can support
target attributes ranging from functional performance targets
to subjective text requirements.

MCD can be viewed as an AI design assistant that allows
users to ask challenging objective and subjective questions
about an existing design, such as: “What modifications would
it take to make this product 10% lighter?”, “What would make
my design look like this other concept?”, or “How would my
design need to change to look more sleek and futuristic?”
By enabling designers to interact with AI systems simply and
intuitively, counterfactuals open the doors to more successful
human-AI collaboration by enhancing and accelerating the
design process. A block diagram demonstrating MCD’s an-
ticipated usage scenario is shown in Figure 1.

A particularly related body of research to our work is coun-
terfactual explanations, originally developed as a tool to inter-
pret black-box machine learning (ML) models. Counterfactual
explanations allow practitioners to understand the behavior of
otherwise uninterpretable models by asking questions about
counterfactual scenarios. A classic motivating example for
counterfactual explanations involves a model that is deciding
whether to approve a loan, where the applicant may ask:
“What would I need to change for this model to approve my
application?” Broadly speaking, these counterfactuals answer a
very versatile question: “Hypothetically, what would I need to
change about the input to my model for it to predict another
outcome?” Many of the common challenges that designers
face can be framed as such a question. For example, given a
model that predicts the functional performance of a design, a
designer can ask how to change the design to achieve some
desired functional performance. Despite this, counterfactual
explanations have not yet been used in design engineering
problems, to the best of our knowledge1.

In this paper, we showcase our MCD method and demon-
strate that counterfactual search is a simple yet powerful AI-
driven design tool that real designers can leverage for a variety
of tasks. To do so, we make several key contributions, which
we summarize as follows:

1) We introduce Multi-Objective Counterfactuals for De-
sign (MCD), a new method to search for counterfactual
design modifications to achieve desired outcomes. We
formulate MCD as a multi-objective search problem to
minimize the magnitude and extent of the modifications,
encourage proximity to the data manifold, and satisfy
user-provided multi-modal requirements.

2) We demonstrate that MCD effectively suggests targeted
design modifications to improve the functional perfor-
mance of query designs, illustrating that counterfactual
search could be viewed as an effective design recom-
mendation tool.

3) We present the first text and image-based counterfactual
search in design using the Contrastive Language-Image

1A search for the term “counterfactual explanations” on the entire ASME
digital collection, that includes design venues such as the IDETC conference
and the Journal of Mechanical Design, returns zero results on March 10, 2023.

Fig. 1: Multi-Objective Counterfactuals for Design (MCD) is
a human-AI collaborative design recommendation tool. Users
provide an initial design and a set of counterfactual attributes
they would like to achieve. MCD queries a set of attribute
predictors to search for a set of diverse modifications to the
original design that achieve the counterfactual attributes.

Pre-training (CLIP) method. These cross-modal queries
were previously not possible with existing counterfactual
methods.

4) We demonstrate that MCD can effectively handle mul-
timodal queries, including a mixed-variable text, image,
and parametric query, the first example of multimodal
queries to a counterfactual search model, to our knowl-
edge.

II. BACKGROUND

Counterfactuals are a useful tool for investigating causality
and forecasting the potential outcomes of different actions.
Counterfactuals have been extensively used in various fields,
including psychology, philosophy, social sciences, and ma-
chine learning as they offer a valuable tool for examining
causality and understanding the consequences of actions [1].
In psychology, counterfactual thinking has been studied in
relation to emotions, such as regret and disappointment. In phi-
losophy, counterfactuals have been used to explore questions
of determinism and free will. In social sciences, counterfactual
analysis is widely used to evaluate the impact of policies
and interventions. Counterfactual explanations are also gaining
traction in the field of machine learning as a means to improve
the interpretability and fairness of machine learning models.

In this literature review, we discuss three key areas that
relate closely to our work — 1) explainability and counter-
factuals in machine learning, 2) multi-objective optimization
approaches to counterfactuals, and, 3) a multi-modal, zero-
shot machine learning model that enables us to capture user
requirements.



A. Explainability and Counterfactuals in Machine Learning

Counterfactual explanations are frequently used as a ma-
chine learning explainability tool. In machine learning, par-
ticularly deep learning, predictions are often mysterious and
intractable. To remedy this intractability, a wealth of ma-
chine learning ‘explainability’ tools have been proposed in
recent years. One common approach involves determining
the sensitivity of the output with respect to the various
input parameters (features), a technique known as ‘feature
importance.’ Some popular methods in this category include
Local Interpretable Model-Agnostic Explanations (LIME) [2]
and Shapley Additive Explanations (SHAP) [3]. In the design
automation community, these methods are often used to deter-
mine which design parameters have outsized impacts on design
performance [4]–[7] or which parameters are important for
relationships between products [8]. Another common approach
to explainability involves visualizing a model’s decisions in
some way. This technique lends itself well to data modalities
that are easily appreciated visually, such as images, for which
saliency maps are a common explainability method [9]–[11].

Counterfactuals were first proposed for machine learning
(ML) explainability by Wachter et al. [12]. Since then, re-
searchers have proposed a wealth of counterfactual explanation
approaches, which Verma et al. [1] and Guidotti et al. [13]
review. Among the popular methods are Diverse Counter-
factual Explanations (DiCE) [14], Feasible and Actionable
Counterfactual Explanations (FACE) [15], and Multi-Objective
Counterfactuals (MOC) [16]. Counterfactuals make for a great
explainability tool since they allow users to intuitively under-
stand the ML model’s internal decision thresholds (i.e. “Where
does my model start predicting a different outcome?”). Much
like LIME and SHAP, many counterfactuals take a localized
approach, with some even fitting local approximations to the
data manifold to guide their explanations [17]. Counterfactuals
have most commonly been proposed for tabular data, but
have also been applied to images [18] and text [19], among
other modalities. In general, good counterfactual explanations
should typically demonstrate the following properties:

1) Validity: First and foremost, a good counterfactual ex-
planation should result in the desired outcome. Depend-
ing on the nature of the problem, this desired outcome
may be a class, an inequality, a range, an exact equality,
or some combination of the above. For example, if
we are querying a model that predicts the mass of a
design and we specify a range of 2-3 kg, a proposed
counterfactual should have a predicted mass in this
range.

2) Sparsity: Good counterfactuals should be easy to real-
ize, meaning that they should not change many features
of the query. Sparsity refers to the number of features
that must be modified to realize a counterfactual.

3) Proximity: While the number of modifications needed
to realize a counterfactual is an important consideration,
the extent of these modifications is also important.
In simple terms, we would like counterfactuals to be

as similar to the query as possible. This is typically
quantified as a distance to the original query.

4) Manifold Proximity: In the classic usage of counterfac-
tuals as an ML explainer, a predictive model has been
trained on a dataset and is being iteratively queried by
the counterfactual model. If queries lie too far from
the data manifold on which the predictor was trained,
predictions (and by extension counterfactuals) will no
longer be accurate. In other use cases where the coun-
terfactual is not explaining a statistical model, manifold
proximity may not be desirable.

5) Actionability: In many problems, certain input parame-
ters may not be changeable, but will nonetheless play
a role in the output of the model. For example, the
weight of the rider will play a significant role in the
structural loading of a bicycle. However, when designing
a bicycle, we can’t choose to simply make the rider
lighter. A good counterfactual explanation should only
modify actionable features. Several works, such as [15],
have also proposed more nuanced methods to handle
actionability.

6) Causality: Features in a dataset may be causally linked,
implying that changing one feature may necessitate
changing another. In general, establishing causality is
difficult. However, in design, we may be aware of causal
relationships thanks to our fundamental understanding of
the physics relating various input variables. For example,
selecting a denser material for a given design may neces-
sitate increasing the weight, provided that the geometry
remains unchanged. This has clear ramifications for
effective counterfactuals, which should ideally capture
and respect any known causal relations in the problem.

A strong counterfactual method should undoubtedly generate
high-quality counterfactuals. However, good counterfactual
methods should also exhibit several properties that may not be
reflected in the strength of individual counterfactual examples
themselves:

1) Diverse Sets: As emphasized in [14], it may be highly
desirable to generate diverse sets of counterfactuals. This
gives the user a wealth of options, ideally with different
actionable requirements to achieve the query objective.

2) Model-Agnosticism: Ideally, the algorithms used for the
generation of counterfactual explanations should treat
the model as a black box and interact with the model
only through its predict function [1]. These “model-
agnostic” algorithms allow for wider applicability and
code reuse. Notably, model-agnostic approaches do not
rely on gradient information from the predictor but
may be less sample-efficient than methods that leverage
gradients, when available.

Researchers have also adopted counterfactuals in a
recommender-system setting. Tran et al. [20] review the use
of counterfactual explanations in recommendation systems and
propose a method to generate counterfactuals for recommender
systems. While related, this work differs slightly from our



proposed use case, in which the counterfactual-generating
model is the recommender. Regenwetter [21] also briefly in-
vestigates leveraging Diverse Counterfactual Explanations [14]
for design recommendations, citing challenges due to the
limitations of single-objective queries.

B. Multi-Objective Counterfactual Explanations

Counterfactual explanations can be viewed as an optimiza-
tion problem, and can similarly be implemented using an op-
timization algorithm. Many methods summarize the optimiza-
tion objective as a weighted sum of the different objectives
discussed earlier. However, another approach instead frames
the counterfactual search process as a classic multi-objective
optimization problem. Dandl et al. [16] were the first to
formalize this parallel between counterfactual explanations and
multi-objective optimization (MOO) in Multi-Objective Coun-
terfactuals (MOC). By handling objectives individually rather
than as a single aggregated objective, MOC realizes a key
benefit of Multi-Objective Optimization, namely the ability to
generate non-dominated sets of counterfactual explanations.
Whereas a single-objective approach returns a counterfactual
that optimizes for a statically weighted aggregation of objec-
tives, the non-dominated set allows designers to adaptively
select counterfactuals based on their specific search priorities,
which typically depend on the problem at hand.

Multi-Objective Counterfactuals (MOC) [16] is a primary
inspiration for Multi-Objective Counterfactuals in Design
(MCD). However, we have expanded on MCD in several key
directions. Chiefly, despite its name, MOC does not inherently
support multi-objective queries. Furthermore, MOC does not
distinguish between hard and soft constraints, despite the
fact that this functionality is ingrained in the Non-Dominated
Sorting Genetic Algorithm II (NSGA-II) [22] that MOC is
built around. MCD addresses these gaps while also decoupling
the optimization and sampling steps, and introducing new
ways to integrate counterfactuals with a multi-modal, zero-
shot machine learning model.

Since the overarching goal of MCD is not to explain
predictors, but rather to search for design recommendation
counterfactuals, we refer to the problem as ‘counterfactual
search.’ Note that unlike counterfactual explanations, counter-
factual search does not require ML predictors and can work
with many types of forward models. It also has the additional
goals of manifold similarity and meeting multi-objective multi-
modal requirements.

C. Cross-Modal Design Recommendations

The multitude of data modalities spanned by design data
remains a prominent challenge in data-driven design [23]–
[25]. Though a model explained by a counterfactual method
may make predictions in one modality, users may instead
prefer to query targets in an entirely different modality. We
will demonstrate in this paper that MCD can be used in
conjunction with rendering pipelines and trained language
models to generate counterfactuals for a parametric model
using images or even text prompts. In this way, counterfactuals

can capture complex and abstract user requirements in a ‘zero-
shot’ fashion, requiring no additional training to understand the
context of the prompts. To provide context for this discussion,
we will introduce a brief background on relevant subjects in
cross-modal learning.

When handling data of modalities like graphs [26], im-
ages [27], 3D geometry [28], text [29], [30], and mixed
modalities, a common general technique involves mapping
datapoints to a vector space. This effectively creates a link
from datapoints of the modality to datapoints in the vector
space. Two or more modalities can then be linked by creating
shared embeddings for the modalities using the same vector
space.

Shared text-image embeddings are an example of cross-
modal embeddings that have garnered significant attention in
recent years [31]. Radford et al. [32] propose one of the most
widely used models for text-image shared embeddings called
Contrastive Language-Image Pretraining (CLIP). CLIP trains a
text embedding and image embedding model simultaneously
on a dataset of text-image pairs. The models are rewarded
for mapping matching pairs to similar embedding vectors and
mapping non-matching pairs to dissimilar embedding vectors.
In our second and third case studies, we will be leveraging
pre-trained CLIP models to query counterfactuals using text
prompts. Next, we move on to discuss our methodology.

III. METHODOLOGY

In this section, we discuss the construction of the opti-
mization algorithm behind MCD, emphasizing the constraints,
objectives, and operators used. We then present our approach
for sampling diverse sets of counterfactuals and discuss how
we decouple the optimization from the final sampling step.
Finally, we demonstrate the capabilities of MCD on a simple
2D problem.

A. Objectives

Optimization algorithms typically seek to find constraint-
satisfying solutions that achieve optimal objective scores.
We will first discuss how objectives are defined in MCD,
then go on to discuss constraints. Broadly, we consider two
types of objectives: Objectives related to counterfactual quality
and user-specified auxiliary objectives (often used for soft
constraints). The former draw on the work of Dandl et al. [16],
who, among other things, leverage Gower distance [33] and
the number of changed features as optimization objectives in
MOC.

1) Gower Distance: Gower Distance [33] is a metric that
indicates the distance between mixed feature data points.
Its use as an objective tackles the issue of “proximity”
introduced in Sec. II-A. The Gower distance between
d-dimensional counterfactual p and query q is given in
terms of their feature values pi and qi for i ∈ [1...d], as:

fpr(p, q) =
1

d

d∑
i=1

δG(pi, qi) (1)



δG(pi, qi) is a function that depends on feature type and
is given as:

δG(p, q) =

{
1
R̂i

|pi − qi| if pi is numerical

1pi ̸=qi if pi is categorical
(2)

Here, R̂i is the range of the feature i observed in the
dataset.

2) Changed Feature Ratio: This objective calculates the
proportion of features that the proposed counterfactual,
p, modifies from the query, q. Its use as an objective
tackles the issue of “sparsity” introduced in Sec. II-A.

fsp(p, q) =
||p− q||0

d
=

1

d

d∑
i=1

1pi ̸=qi (3)

3) Average Gower Distance: To measure the “manifold
proximity” discussed in Sec. II-A, Dandl et al. [16]
calculate the average Gower distance to the k nearest
observed data points si...sk from the dataset S:

fmp(p, S) =
1

k

k∑
i=1

1

d

d∑
j=1

δG(pj , s
i
j) (4)

4) Problem-Specific Objectives: Just as the user may
specify non-negotiable requirements for the model out-
come (hard constraints), they may also specify objectives
(f1(p)...fM (p)) that they would like to satisfy, and later
specify targets for these objectives during sampling.
These auxiliary objectives are directly included as opti-
mization objectives in NSGA-II.

B. Constraints
In a counterfactual search, a variety of optimization con-

straints may be present. Constraints are considered non-
negotiable and always take precedence over objectives. In
practice, many optimization algorithms, including the variant
of the NSGA-II algorithm driving MCD, prioritize resolving
constraint violations before proceeding to the optimization of
objectives. MCD considers several types of constraints:

1) Variable and Constant Features: Like many counter-
factual models, we implement a mechanism to constrain
which features are allowed to be modified by a coun-
terfactual, as specified by the user. This addresses the
challenge of “actionability” introduced in Sec. II-A. We
call the set of actionable features A.

2) Model Output Constraints: Users querying a counter-
factual method may have requirements for the output of
their model. In most counterfactual search approaches,
these requirements are treated as non-negotiable hard
constraints to satisfy the “validity” property introduced
in Sec. II-A. MCD supports such hard requirements,
which are handled as constraints in NSGA-II2, but

2By default, we expect queries in the form of inequalities. Since range and
equality constraints (or objectives) can be specified using two inequalities, we
find this to be an adequately versatile interface for most types of constraints.
In rare cases where users need to specify complex constraints, such as disjoint
ranges, they can do so by creating a custom constraint function and passing
it in as a black box.

does not require them. We consider any output with
a constraint as belonging to a set B and require that
Lb ≤ fb(p) ≤ Ub ∀ b ∈ B. Instead, we also allow
users to specify soft constraints in the form of additional
optimization objectives, paired with targets to be used
during sampling.

3) Domain-Specific Constraint Functions: There are
cases in which certain hard constraints are known a
priori. MCD can be configured to respect such hard
constraints through user-specified black-box constraint
functions. Domain-specific constraints can be used for
a variety of different purposes, including encoding
causality relations into the optimization as discussed
in Sec. II-A. We specify these constraint functions
as g1(p)...gK(p) and, for simplicity, assume they are
satisfied for gk(p) ≥ 0

C. Formulation as MOO problem

In summary, we express the multi-objective optimization
problem in terms of the variables, sets, and functions defined
above as follows:

minimize: fi(p), ∀ i ∈ {pr, sp,mp, 1, ...,M} (5)

subject to: fj(p)− Lj ≥ 0, Uj − fj(p) ≥ 0, ∀ j ∈ B,

gk(p) ≥ 0, ∀ k ∈ {1, ...,K},

pl = ql, ∀ l ̸∈ A

D. Algorithm

Any gradient- or non-gradient-based multi-objective opti-
mization method could be used in MCD. To demonstrate our
results in this paper, we leverage the Non-Dominated Sorting
Genetic Algorithm II (NSGA-II) [22] as the backend of MCD.
NSGA-II is a multi-objective genetic algorithm that boasts
several innovative features, such as non-dominated sorting
for elitist selection, crowding distance to encourage diversity,
and genetic operators such as tournament selection, simulated
binary crossover, and polynomial mutation. We use an imple-
mentation of NSGA-II from [34], including the mixed-variable
selection, crossover, and mutation functions provided.

The initial population always consists of the query and
a set of randomly sampled points from the dataset or the
user-specified design space boundaries. In problems with
continuous variables, we find that without any precautions to
maintain the exact parameter values from the original query,
these values tend to get ‘lost,’ and can never be exactly
reconstructed, hurting the sparsity objective of counterfactuals.
To allow the algorithm to ‘rediscover’ the exact parameter
values from the query, we introduce a custom operator that
randomly reverts individual parameter values back to the
query’s values with a certain probability.



E. Sampling

Contrary to other counterfactual search approaches, our
method decouples the optimization and sampling steps. Con-
ventionally, a user will have to decide on the priorities between
various objectives (e.g. proximity, diversity, manifold proxim-
ity, etc.) before running the optimization. This is impractical,
as these objectives are challenging to select intuitively, and
must often be chosen through trial and error. For example, a
designer might realize that the generated counterfactuals are
much too different from the query to be practically realiz-
able. By avoiding retraining, our method can save significant
computational expense and, as we will discuss in Sec. V,
enable users to quickly consider counterfactuals from different
regions of the objective landscape. We decouple the search and
sampling process as follows:

1) Given a query, a set of constraints, and objectives, the
optimizer generates a collection of candidate counterfac-
tuals by running NSGA-II.

2) The sampling algorithm collects a set of objective pri-
ority weights and optional targets from the user. By
collecting these weights after training, MCD allows
rapid counterfactual sampling under different objective
weights without the need for retraining, unlike other
approaches.

3) Each candidate counterfactual is assigned an aggre-
gate quality score, which is calculated as a sum of
individual objective scores, weighted by their priority.
For any objectives with specified targets, the Design
Target Achievement Index [35] is used to quantify
target achievement before factoring into the aggregate
score. The aggregate score, S of a counterfactual can-
didate, p, is given in terms of objective priority weights
wpr, wsp, wmp by:

S(p) = wprfpr(p, q) + wspfsp(p, q) + wmpfmp(p, S)

+DTAI(p, t, α, β)
(6)

Here, DTAI(p, t, α, β) is the Design Target Achieve-
ment Index of the candidate given auxiliary objective
targets, t, priority weights, α, and decay parameters,
β [35].

4) A performance-weighted diversity matrix is calculated
using a Gower distance-based similarity kernel to evalu-
ate the similarity between counterfactuals. Matrix entries
are calculated as a function of aggregate scores and a
diversity parameter, wd as:

Di,j = δG(i, j) (S(i)S(j))
1

wd (7)

5) A diverse set of high-performing counterfactuals is
sampled from this matrix using k-greedy diverse sam-
pling [36].

If the user requests only a single counterfactual instead of a
diverse set, the candidate with the highest aggregate quality
score is returned.

(a) Balanced Sampling (wpr = 0.5, wsp = 0.2, wmp = 0.5, wd =
0.2)

(b) High Prox. Weight (wpr = 50, wsp = 0.2, wmp = 0.5, wd =
0.2)

(c) High Diversity Weight (wpr = 0.5, wsp = 0.2, wmp =
0.5, wd = 20)

(d) High Sparsity Weight (wpr = 0.5, wsp = 20, wmp = 0.5, wd =
0.2)

Fig. 2: Counterfactual sets returned for three query designs
under different weightings of counterfactual quality objectives.
Performance space constraints are indicated on the plots. Valid
counterfactuals must simultaneously meet both constraints.



F. Showcasing Functionality on 2D Examples
Before showcasing the capabilities of MCD on real design

datasets, we will first demonstrate its performance on a simple
two-dimensional problem for ease of visualization. We select a
challenging two-objective problem and sample synthetic data.
We then query three different designs, D1-3, and specify the
same challenging constraint criterion for each query, which
is only satisfiable in four small disjoint regions of the space.
Mathematically, we constrain the performance space values
Y1 and Y2 such that 0.4 ≤ Y1 ≤ 0.6 and Y2 ≥ 0.6. In simple
terms, any valid counterfactual must lie near the star-shaped
contour on the left and strictly within the circle on the right
in the contour plots in Fig. 2. We consider four choices of
objective weights:

1) First we examine a fairly “balanced” selection of objec-
tive weights (wpr = 0.5, wsp = 0.2, wmp = 0.5, wd =
0.2) in Fig. 2a. In this setting, the sampled counterfac-
tual sets achieve a balance of proximity, diversity, and
sparsity.

2) Next, we consider a setting where proximity is pri-
oritized over other objectives (wpr = 50, wsp =
0.2, wmp = .05, wd = 0.2) in Fig. 2b. In this setting,
most counterfactuals in each set are sampled from the
mode nearest the queries, though counterfactuals are still
diversified within these modes.

3) We next consider a case where diversity is given
precedence over other objectives (wpr = 0.5, wsp =
0.2, wmp = 0.5, wd = 20) in Fig. 2c. In this case,
the sampled counterfactual sets are very well distributed
across the feasible regions of the space.

4) Finally, we consider the case where sparsity is given
the highest priority (wpr = 0.5, wsp = 20, wmp =
0.5, wd = 0.2) in Fig. 2d. Many sampled counterfac-
tuals change only one parameter from the query, when
possible.

Each of these subsets is sampled from the same set of
counterfactual candidates with no re-optimization necessary.
Now, having demonstrated MCD’s functionality on a simple
2D problem, we move on to a more complex real-world design
problem: Bike frame design.

IV. CASE STUDY 1: DESIGN REFINEMENT USING
STRUCTURAL PERFORMANCE QUERIES

In our first case study, we consider the counterfactual:
“What if my design were 30% lighter?” Specifically, we
consider a bicycle frame design problem where we are trying
to improve the structural properties and reduce the weight of
a query design. We use a regression model trained on the
FRAMED dataset consisting of Finite Element (FE) simula-
tion results from 4500 community-designed bike frames [?],
including weight, safety factors, and deflections under various
loading conditions. The trained regression model is an Auto-
Gluon tabular AutoML regressor [37] intended to predict the
structural performance of bicycle frames accurately.

To illustrate MCD’s capabilities, we feed it three variants
of the same query. The first has a single objective: finding

counterfactuals that reduce the predicted mass of a given
design. The second has two competing objectives: Maximize
a design’s safety factor while minimizing its mass. The third
has the same objectives as the second but restricts MCD to
only vary a more constrained and actionable set of features.
In each example, we query the same design: a steel tube road
bike with minor structural inefficiencies. These inefficiencies
largely stem from a down tube with insufficient wall thickness,
requiring other components to be over-engineered. This bike
has a safety factor3 of 1.24 and a mass of 4.26 kg, so our
primary objective is to reduce the mass. Each optimization
ran for 100 generations with a population size of 500.

a) Single objective query: In the first variant, MCD was
tasked with finding counterfactuals that reduced the mass of
the original design from 4.26 kg to under 3 kg. MCD effec-
tively successfully discovered hundreds of valid counterfactu-
als and sampled a set of five diverse counterfactuals which had,
on average, a mass of 2.3 kg, as tabulated in Table I. Although
MCD succeeded in its explicitly stated objective, a closer
look reveals that it did nothing to remedy the wall thickness
issue in the down tube, and as a consequence of weight
savings in other parts of the sampled frames, the average safety
factor across sampled counterfactuals was an abysmal 0.48.
This disregard for secondary objectives is quite characteristic
of the many existing single-objective counterfactual search
algorithms and illustrates why MCD’s novel support of multi-
objective queries is so essential for design problems. Our next
example showcases how to leverage multi-objective queries to
avoid these issues.

TABLE I: Generated counterfactuals for variant 1 (34 columns
omitted). Like many single-objective counterfactual engines,
MCD tends to achieve single-objective queries at the expense
of secondary objectives. MCD’s unique support of multi-
objective queries remedies this problem.

Material Stack
(mm) ... Down Tube

Thick. (mm)
Safety
Factor

Frame
Mass (kg)

Query Steel 565.6 ... 0.52 1.24 4.26

CF 1 Steel 570.8 ... 0.52 0.52 1.99
CF 2 Steel 565.6 ... 0.52 0.27 1.64
CF 3 Steel 565.6 ... 0.52 0.76 2.48
CF 4 Steel 565.6 ... 0.52 0.64 2.69
CF 5 Aluminum 522.6 ... 0.52 0.22 2.70

b) Bi-objective query: In the second variant, a second
objective was introduced: Increase the safety factor to a
minimum value of 1.5. Again, MCD successfully discovered
numerous counterfactuals, and the diverse 5-bike set sampled
this time had an average mass of 2.4 kg and a safety factor
of 1.7, as shown in Table II. This time, MCD realized that
the bike could be made significantly more weight-efficient by
increasing the down tube wall thickness to relieve structural
stress on other components to be lightened. However, it also

3We use predicted safety factor in FRAMED’s in-plane loading scenario [?]



changed the material of the bike from steel to aluminum or
titanium in four of the five counterfactuals, a modification
that would likely carry a significant increase to the cost and
may thus be unactionable. In the presence of a cost prediction
model, MCD could consider cost as another query objective.
However, even without such a model, MCD can be ordered to
leave certain design parameters unchanged, as we demonstrate
in our final example.

TABLE II: Generated counterfactuals for variant 2 (34
columns omitted). By querying multiple objectives simulta-
neously, MCD avoided the safety factor issue that occurred in
Query 1.

Material Stack
(mm) ... Down Tube

Thick. (mm)
Safety
Factor

Frame
Mass (kg)

Query Steel 565.6 ... 0.52 1.24 4.26

CF 1 Aluminum 565.0 ... 2.20 1.91 2.81
CF 2 Titanium 561.6 ... 2.46 1.82 2.21
CF 3 Aluminum 532.2 ... 1.81 1.58 1.75
CF 4 Titanium 563.5 ... 3.92 1.60 2.23
CF 5 Steel 565.6 ... 2.48 1.65 2.87

c) Bi-objective query with constraints: In the third vari-
ant, MCD was no longer allowed to vary frame material. It
proceeded to find tens of valid designs through variations in
certain tube diameters, lengths, and other structural configura-
tions. From these valid designs, a 5-bike set was sampled that
had an average mass of 2.5 kg and an average safety factor of
1.8, as shown in Table III.

TABLE III: Generated Counterfactuals for Query 3 (34
columns omitted). When restricted from modifying frame
material, MCD is still able to recommend design modifications
that meet the safety factor and mass targets.

Material Stack
(mm) ... Down Tube

Thick. (mm)
Safety
Factor

Frame
Mass (kg)

Query Steel 565.6 ... 0.52 1.24 4.26

CF 1 Steel 565.6 ... 2.44 2.05 2.93
CF 2 Steel 601.7 ... 3.38 2.06 2.31
CF 3 Steel 565.6 ... 3.22 1.58 2.71
CF 4 Steel 601.7 ... 2.12 1.61 1.87
CF 5 Steel 565.6 ... 3.35 1.56 2.82

Through these examples, we have attempted to demonstrate
that MCD excels at handling multi-objective performance
queries and can be used in such a setting to recommend
performance-enhancing design modifications. In our next ex-
ample, we consider a scenario in which more abstract text
queries are provided instead of hard performance constraints.

V. CASE STUDY 2: MODIFYING DESIGNS USING
CROSS-MODAL TEXT QUERIES

In this case study we examine subjective counterfactuals
like: “What if my design looked more ‘cyberpunk themed?”’

Classically, counterfactual search requires a query in the same
data modality as the predictive model. This can be constrain-
ing, since it may be more natural in many cases to place
queries in a different data modality, especially if that modality
is more intuitive for human users. This is often the case for
images or text, which are much more easily understood by
humans compared to tabular or parametric data. Accordingly,
we demonstrate how we can query MCD in a cross-modal
setting using text prompts.

A. Methodology: Case Study 2

To enable cross-model queries, we construct an objective
evaluation function comprised of several key building blocks:

• To begin, we require a rendered image of a bicycle design.
We construct an automated rendering pipeline that works
in conjunction with the BikeCAD software to generate
an image of a bicycle given a parametric vector.

• We then calculate an embedding for the generated bike
image using a pre-trained CLIP model introduced in
Sec. II-C that maps the generated bike renders to a vector
embedding space.

• Next, we compute the embedding vector for a target text
prompt using a pre-trained CLIP text embedding model.

• Finally, we calculate cosine similarity between the two
512-dimensional embedding vectors.

In this case study, this entire objective evaluation pipeline
serves as the predictor for counterfactual search. By generating
counterfactuals that minimize this cosine similarity objective,
the optimizer ensures that generated counterfactuals better
match the given text prompts.

We select a subset of the BIKED [5] dataset’s parameter
space to consider during optimization and choose a generic
red road bike design as a query design. We choose two
text prompts as optimization objectives: “A futuristic black
cyberpunk-style road racing bicycle” and “A sturdy compact
bright blue mountain bike with thick tires.” Because the
demands of human designers are often difficult to quantify
using traditional parametric methods, the first text prompt was
selected to be highly subjective. The second prompt is less
subjective, offering details about design features, but stops
short of explicit design guidelines. In this context, the user
is effectively asking questions like: “How would my red road
bike design change if I wanted it to look more like a black
cyberpunk-style bike?” We optimize for 400 generations with a
population size of 100. Next, we perform a series of sampling
operations with different objective weights, as shown in II-C.
By selecting the optimal bikes at a sweep of different objective
weights, we can visualize the best bikes under numerous
configurations of objective priorities.

Counterfactual quality objective weights in the ith row were
chosen as:

w1 = w2 = w3 =
0.2

2i
(8)

In this way, counterfactuals with better proximity, sparsity,
and manifold proximity were prioritized toward the top of the
grid, while counterfactuals were given more leeway to deviate



(a) Rendered Image of Query Design (b) Objective Priorities

(c) Map of Rendered Bicycle Images Corresponding to Generated Counterfactuals

(d) Similarity to:
‘A futuristic black

cyberpunk-style road
racing bicycle’

(e) Similarity to:
‘A sturdy compact bright
blue mountain bike with

thick tires’

(f) Counterfactual
Proximity

(Gower Distance)

(g) Counterfactual
Sparsity

(Changed Feature Ratio)

(h) Counterfactual
Manifold Proximity

(Average Gower Distance)

Fig. 3: Visualization of the objective manifold for cross-modal counterfactual selection. Designs sampled from the top of the
manifold prioritize proximity, sparsity, and manifold proximity. Designs in the left and right corners prioritize similarity to two
respective text prompts. Heatmaps show individual objective scores (lighter is better).

from the query design and data manifold toward the bottom. Diversity weight, wd, was irrelevant, as only one design was



sampled for each combination of objective weights.
Similarly, auxiliary objective weights in the jth column

were set through the DTAI objective weighting parameter, α,
in terms of the number of columns, n (in our case 6), as:

α1 = 1.5n−j , α2 = 1.5j−1 (9)

These objectives allowed similarity to the first text prompt to
take precedence on the left edge of the grid and similarity to
the second text prompt to take precedence on the right.

B. Discussion: Case Study 2

As expected, models at the top of the grid are appreciably
similar to the red bike; some were essentially indistinguish-
able. Bikes further down the grid become progressively more
visually different, which is corroborated by objective scores,
as shown in Figs. 3f-3h.

Bikes in the lower left corner of the grid can be subjectively
identified as more similar to “A futuristic black cyberpunk-
style road racing bicycle.” Among the key modifications are
a color change and a shift to tri-spoke wheels, which may be
more on-theme for a ‘cyberpunk-style’ bike. Similarity to the
text prompt as evaluated by CLIP agrees, as shown in Fig. 3d.

Likewise, bikes towards the bottom right corner of the grid
can be subjectively identified as more similar to “A sturdy
compact bright blue mountain bike with thick tires.” Bikes in
this corner have the slanted down tube which is characteristic
of mountain bikes; have the requested color change; and have
a thick rear tire. Notably, the model either does not discover
a modification to the front tire or does not find that such
a modification improves similarity to the prompt. Also, the
models maintain the dropped handlebars present on the query,
which are characteristic of road bikes. Nevertheless, similarity
to the text prompt as evaluated by CLIP was found to be best
in this corner, as shown in Fig. 3e.

In this case study we demonstrated that MCD effectively
handles multi-objective cross-modal prompts. Next, we move
on to consider a challenging multi-modal query case as our
final case study.

VI. CASE STUDY 3: MODIFYING DESIGNS USING
MULTIMODAL TEXT, IMAGE, AND PARAMETRIC QUERIES

In this final case study, we examine hybrid counterfactuals
like: “What if my design were lighter, looked more ‘cyberpunk
themed,’ had better structural properties, and looked like this
other design?” Having considered multi-objective cross-modal
queries in the previous case study, we now present our most
challenging case study. This time, we provide a multi-objective
multi-modal query consisting of a target text prompt, image,
frame safety factor, and frame mass.

A. Methodology: Case Study 3

To calculate image and text similarity, we leverage the
rendering pipeline and pre-trained CLIP model used in case
study 2. To calculate structural performance, we use the
AutoGluon [37] model trained in [?], which was used in case

study 1. We again select the same generic red road bike as
our query design and select “A futuristic black cyberpunk-
style road racing bicycle” as our text prompt. For our target
image, we select an image of a Fuji Wendigo 1.1 mountain
bike which closely matches the second text description from
the previous case study.

Like the last case study, we sample designs in a grid,
as shown in Fig. 4 based on a variable objective weighting
scheme. We select a spread of DTAI objective weighting
parameter (α) values in terms of the ith row and jth column
as follows:

αtext = 2n−j , αimage = 2j

αsf = 1.5n−i−1, αmass = 1.5i
(10)

This time, we hold the counterfactual quality objective weights
constant at:

w1 = w2 = w3 = 0.05 (11)

B. Discussion: Case Study 3
As in the previous case study, MCD modifies several

components to better match the text query of the models on
the left side, including recoloring them black and replacing
a regular spoked wheel with a disk wheel. However, due to
the proximity, sparsity, and manifold proximity weights being
fixed at moderate values, it does not deviate as far from the
dataset as some of the most extreme designs in the previous
case study.

The bikes on the right side of the grid are visibly more
similar to mountain bikes, displaying the characteristic slanted
top tube and, in some cases, adding a front suspension to
the design. Interestingly, MCD does not generate any blue
bikes, indicating that the color of the reference image is not
as strongly emphasized as when a color is explicitly stated in
a text prompt.

Structural modifications of the bike frame are challenging
to appreciate in renderings because the largest drivers of
structural performance are tube wall thickness parameters
and material, none of which have a visual signature in the
rendering. However, Figs. 4g and 4h indicate that bikes at the
top and bottom prioritize safety factor and weight, respectively,
as intended.

From Fig. 4i, we can see that the bikes toward the top of
the grid fall far outside of the data manifold. Unsurprisingly,
we see various design infeasibilities in these bikes, such
as colliding components. Unless explicitly prevented using
constraints, such infeasibilities are typically more common as
counterfactuals fall further from the data manifold.

Though some of the generated counterfactuals suffer from
infeasibilities, we have demonstrated that MCD can provide
meaningful counterfactuals in high-dimensional (i.e., 4 auxil-
iary objectives and 3 counterfactual quality objectives) and
multimodal objective spaces. Next, we proceed to discuss
MCD’s limitations.

VII. LIMITATIONS

MCD makes several key contributions to counterfactual
optimization methods for designers, such as incorporating



(a) Rendered Image of Query Design (b) Target Mountain Bike Image (c) Objective Priorities

(d) Map of Rendered Bicycle Images Corresponding to Generated Counterfactuals

(e) Similarity to:
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Fig. 4: Visualization of the objective manifold for multimodal counterfactual selection. Designs sampled towards the top and
bottom of the manifold prioritize safety factor and weight respectively. Designs sampled towards the left and right edges
prioritize similarity to a target text prompt and target image, respectively. Heatmaps show individual objective scores (lighter
is better). Designs that fall far outside of the data manifold struggle with component overlap and other infeasibility issues.



multiple objectives. However, it also has a few limitations. In
model-agnostic configurations, MCD must use a gradient-free
optimizer, preventing it from leveraging gradient information,
even if some of the predictive models are differentiable. While
this gradient-free approach allows MCD to support nondif-
ferentiable predictors and avoid local minima, it potentially
makes MCD less sample-efficient than similar gradient-based
approaches.

Another key limitation stems from the difficulty of genetic
algorithms in handling a large number of objectives. Because
MCD adds three counterfactual quality objectives to the objec-
tive space, it slightly exacerbates the dimensionality issue of
multi-objective genetic algorithms. Future work will explore
MCD variants that leverage gradient information and many-
objective optimization methods to address these limitations.

Additionally, we would like to acknowledge certain limi-
tations with the text-based queries presented in the last two
case studies. Though CLIP embeddings can capture more
abstract and subjective ideas, they struggle to capture fine-
grained technical details of designs. As such, we recommend
that users with highly technical constraints specify them
parametrically, instead of through text. However, as machine
learning models continue to improve, querying counterfactual
models for precise technical details through text and images
may improve significantly.

VIII. CONCLUSION

In this paper, we have introduced Multi-Objective Counter-
factuals for Design (MCD), a specialized counterfactual opti-
mization method for design tasks. We first discussed previous
counterfactual optimization approaches, many stemming from
machine learning explainability literature. We then identified
key limitations with existing works, particularly their inability
to sample multi-objective queries and the inherent coupling of
the optimization and sampling process. Next, we demonstrated
using 2D examples how MCD solves these two challenges.

We presented a bicycle frame optimization problem and
showed how MCD’s support of multi-objective queries allows
it to recommend meaningful modifications to a query design
which improves structural performance. We then identified
that although previous counterfactual search models have not
supported cross-modal queries, advancements in multi-modal
learning reasonably allow counterfactuals to be queried in
different data modalities. Next, we showcased how MCD can
be queried with text prompts, and illustrated how MCD’s
decoupling of optimization and sampling allows it to visu-
alize complex objective manifolds without re-optimization.
Finally, we asked MCD to generate counterfactuals given a
multimodal text, image, and parameter query. By effectively
recommending design modifications to match these queries,
MCD demonstrated that it can support complex multimodal
queries.

All in all, MCD is a valuable tool for designers looking
to optimize their designs and design automation researchers
looking to interact intuitively with their models. We are excited
to release our code and examples at http://decode.mit.edu/

projects/counterfactuals/ and anticipate a variety of interesting
use cases across the community.
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