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Abstract

Addressing global sustainability challenges as outlined by
the United Nations (UN) Sustainable Development Goals
(SDGs) often requires navigating many potentially conflict-
ing societal objectives simultaneously. For instance, increas-
ing hydropower production enhances renewable energy sup-
ply but may adversely impact people and nature. Under-
standing these trade-offs is crucial, and the Pareto frontier
- the set of solutions that cannot be improved with respect
to one objective without negatively affecting another - is a
valuable framework. Strategic hydropower planning concerns
finding energy portfolios that achieve decarbonization tar-
gets, while balancing energy production with socioeconomic
and environmental impacts. Previous work has considered ex-
act and approximate algorithms for Pareto optimization for
tree-structured networks, such as rivers, for hydropower plan-
ning. However, such approaches do not account for bounding
constraints, such as realistic energy production targets, crit-
ical in real-world applications. Herein, we propose a novel
approach for constraint-aware Pareto optimization for tree-
structured networks, incorporating objective bounds to en-
sure more realistic and robust solution outcomes. We apply
our constraint-aware Pareto approach to the strategic plan-
ning of hydropower expansion, considering energy bounds to
adhere to the UN’s net zero by 2050 decarbonization targets,
in the Magdalena River basin, home to more than 80% of
Colombia’s population. Our analysis demonstrates how lower
and upper bounds can significantly modify the unconstrained
Pareto frontier, revealing that feasible Pareto solutions can
be dominated by infeasible solutions, and thus may be ig-
nored by constraint-agnostic solvers. Our results highlight
the importance of considering real-world constraints in multi-
objective problems such as optimizing hydropower expansion
to meet both energy and sustainability goals.

Introduction
Computational Sustainability harnesses Artificial Intelli-
gence (AI) to balance environmental, economic, and societal
needs for a sustainable future, as captured by the United Na-
tions (UN) Sustainable Development Goals (SDGs) (Gomes
et al. 2019; United Nations 2015). Real-world decision-
making is needed to achieve such goals, which often requires
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considering multiple competing objectives. Such decision-
making problems translate to Multi-Objective Combina-
torial Optimization Problems (MOCOP), and have re-
ceived growing attention in recent years from both com-
puter science and applied scientific communities (Ehrgott
and Gandibleux 2000; Ehrgott, Gandibleux, and Przybylski
2016; Wiecek et al. 2008).

Our work herein is motivated by the problem of hy-
dropower expansion, a key source of renewable energy
prominently featured in global efforts to decarbonize energy
systems and curb climate change. Nevertheless, damming
rivers to generate hydropower can also lead to adverse envi-
ronmental and socioeconomic impacts, from trapping sedi-
ment and changing river hydrology to fragmenting rivers, al-
tering biodiversity, and displacing populations. Hydropower
is slated to rapidly expand in biodiverse river systems with
large untapped potential, many of which are located in the
Global South. These systems include the Magdalena River
basin in Colombia, which is a globally important biodiver-
sity hotspot and Colombia’s economic powerhouse. Of the
more than 3,700 dams >1MW proposed globally, 143 are
located in the Magdalena River basin.

To date, strategic basin planning for hydropower often
considers the full possible range of energy buildout for a re-
gion. In reality, all proposed hydropower dams are unlikely
to be built; instead, most countries have estimated a range of
future hydropower buildouts needed to meet different decar-
bonization targets. Rather than considering the full range of
energy buildout scenarios when evaluating multi-objective
trade-offs, including objective bounds can more realistically
identify potential portfolios that pave a path towards de-
carbonization while also minimizing the adverse socioeco-
nomic and environmental impacts of hydropower expansion.

In this work, in collaboration with domain scientists
across a number of disciplines in ecology, energy, and policy
to tackle this interdisciplinary challenge, we address the con-
strained hydropower dam portfolio selection problem, which
consists of selecting a subset of proposed dam sites, consid-
ering multiple competing objectives, where several objec-
tives have upper and lower bound constraints. We aim to
identify the Pareto frontier of feasible solutions, where no
solution can be improved in one objective without compro-
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Figure 1: Magdalena River basin with outlines for the Cauca
(blue) and Nare (red) sub-basins

mising others. Previous work on this problem converted the
river network into a directed tree-structured network, giv-
ing rise to a dynamic programming (DP) formulation of the
problem with guarantees on finding the exact Pareto set with
an extension that allows for a fully polynomial-time approx-
imation scheme (FPTAS) of the problem that finds an ap-
proximate Pareto set (Wu et al. 2018; Gomes-Selman et al.
2018; Grimson et al. 2024). However, such approaches do
not consider constraints on the objectives, only ever con-
structing the unconstrained Pareto set. Herein we consider
constraints on the objectives, for example, setting minimum
or maximum demands on the amount of energy generated,
or for maintaining greenhouse gas emissions within set tar-
gets. Our work shows that incorporating objective lower and
upper bounds into Pareto optimization can significantly de-
viate from the unconstrained Pareto frontier; solutions that
are optimal in the constrained case can become dominated
and thus eliminated in the unconstrained case. Our findings
underscore the importance of accounting for real-world con-
straints in multi-objective problems, such as those concern-
ing balancing energy and sustainability goals.

Our contributions: (1) We propose a constraint-aware
Pareto optimization algorithm for tree-structured net-
works, considering both lower and upper bound objective
values. (2) We prove that: a) our constraint-aware Pareto
algorithm always finds a Pareto frontier at least as good as
removing solutions that violate the constraints from the un-
constrained frontier, measured by the hypervolume covered
by the frontiers and b) our constraint-aware Pareto algorithm
always finds the true constrained Pareto frontier, with lower
bounds. (3) We developed a dataset of synthetic prob-

lem instances to further understand the performance of our
constraint-aware Pareto approach against the unconstrained
Pareto with post-hoc removal of infeasible solutions. (4)
We empirically demonstrate good performance of our
constraint-aware Pareto approach namely: a) in general
it finds more of the true Pareto optimal solutions than re-
moving solutions that violate the constraints from the uncon-
strained frontier (in some cases 50% more), b) consistently
finds closer points to the true optimal solutions for cases
where both methods miss the true Pareto solutions and is c)
between 1.5 to 9 times faster on large scale instances as we
increase the number of objectives and tighten the bounds. (5)
We show that our constraint-aware Pareto algorithm per-
forms well and provides valuable insights on a real-world
case study on the Magdalena River basin in Colombia,
with 143 dams in consideration, based on the energy needs
of Colombia for the business-as-usual (UPME 2018) and
the desired decarbonization targets (Gobierno de Colom-
bia 2021) by 2050. (6) We additionally provide our frame-
work as a decision support tool at https://www.cs.cornell.
edu/gomes/udiscoverit/magdalena-ecovistas, to enable effi-
cient policy and trade-off exploration of the proposals.

Related Work
For general constrained and unconstrained multi-objective
optimization problems, many approaches use genetic algo-
rithms, such as the Non-dominated Sorting Genetic Algo-
rithm(s) (Srinivas and Deb 1994; Deb et al. 2002; Deb and
Jain 2013) and MOAE/D (Zhang and Li 2007). These meth-
ods may get stuck in local neighborhoods or fail to obtain
particularly large solution spaces since they lack strong for-
mal guarantees on the Pareto frontier. So far, theoretical
analysis of these algorithms only applies to relatively few
and simplistic objectives (Zheng, Liu, and Doerr 2022; Do-
err and Qu 2023a,c,b).

Other methods revolve around identifying a few subsets
of solutions at a time based on preference vectors or rays
(Lin et al. 2019; Ma, Du, and Matusik 2020; Mahapatra and
Rajan 2021; Nowak and Küfer 2020), by linearly scalariz-
ing the objectives to solve smaller problems and merge the
resulting frontiers (Bai et al. 2023). These methods however
cannot guarantee global Pareto optimality and scaling to get
good coverage of the entire frontier can be difficult.

Another general structured discrete multi-objective opti-
mization method is the Binary Decision Diagram (BDD)
(Bergman and Cire 2016), which constructs decision dia-
gram trees on the decision space and identifies shortest paths
through the decision diagram as non-dominated solutions.
BDDs, however, assume linear separability of the objective
functions (Bergman et al. 2016).

Recent work employed machine learning to find heuris-
tic Pareto frontiers. For example, (Sierra-Altamiranda et al.
2024) reduced runtime while preserving Pareto optimality of
generated solutions by learning to project the objective space
to a smaller dimensionality. In (Jiang et al. 2024), the authors
approach multi-objective games, generating Pareto solutions
with reinforcement learning. In (Mısır and Cai 2023), the au-
thors propose learning to schedule multi-objective solvers.
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Finally, multi-objective sequential decision-making prob-
lems arise in reinforcement learning and leverage techniques
inspired by multi-objective optimization (Hayes et al. 2022).
However, without taking advantage of the underlying prob-
lem structure, these methods fail to scale to large numbers
of objectives (> 5) and decision variables.

Previous work (Wu et al. 2018; Gomes-Selman et al.
2018; Grimson et al. 2024; Qu et al. 2024) leverages tree
structure to efficiently generate approximate Pareto frontiers
in solely unconstrained settings. These methods were shown
to outperform other Pareto methods on specifically the tree-
structured problem by taking advantage of that structure.

We propose a constraint-aware Pareto optimization al-
gorithm for tree-structured networks, considering lower
and upper bound objective values, which outperforms pre-
vious approaches both in scalability, Pareto solutions found,
and runtime, improving directly on the previous state-of-the-
art approach for unconstrained tree-structured problems.

Preliminaries
In the constrained hydropower dam portfolio selection prob-
lem, we are given a set of potential dam locations and a set of
d objectives. Policymakers are interested in identifying the
optimal set of solutions given competing objectives, where
a solution is a set of dams to be built, and some of the ob-
jectives may be constrained to be between upper and lower
bounded values. The goal is to identify the Pareto optimal
set of solutions for d >= 2 objectives where at least one
objective o is constrained to be between lo <= o <= uo.
Without loss of generality, we assume that all the objectives
are to be maximized. We have the following definitions:

Pareto Dominance For a given solution π, let z(π) ∈ Rd

be the set of d objective values for π. A solution π dominates
another solution π′ (π ≻ π′) if for all objectives 0 ≤ i <
d, zi(π) ≥ zi(π′) and there exists at least one objective 0 ≤
j < d such that zj(π) > zj(π′).

Pareto Optimal Set Let S be the set of all feasible so-
lutions, the Pareto optimal set is then defined as {π ∈
S|z(π) ̸≺ z(π′), ∀π′ ∈ S}. For example, if we have three
solutions z(π1) = (1, 2, 3), z(π2) = (2, 1, 1), z(π3) =
(1, 1, 2), we see that π1 ⊁ π2 and π2 ⊁ π1, however
π1 ≻ π3. Thus the Pareto set of these solutions is {π1, π2}.

Hypervolume Hypervolume (Zitzler et al. 2003) is a met-
ric to measure the quality of a Pareto optimal set. Specif-
ically, given a Pareto optimal set, we normalize each ob-
jective value zi(π) to [0, 1] by scaling it to zi(π)

∗ =
|zi(π)−zi(π)min|

|zi(π)max−zi(π)min| , where zi(π)max and zi(π)min are the ob-
jective values from the reference points. We compute the
hypervolume of the objective space dominated by the so-
lutions, with higher hypervolume indicating better coverage
of the objective space.

Problem Formulation
We are given a set of locations L along a river network R
where each location is either an already built hydropower
dam or a proposed location, along with a set of d objectives,

Figure 2: Converting a river network (a) to a multi-edged
tree (b). Contiguous sections of the river between dams (let-
ters) become nodes. Dams (numbers) become multi-edges
connecting river sections, with an edge per decision.

where each objective has an associated value at each dam
location l ∈ L or along each river segment r ∈ R. We then
convert the river network R and locations L to a multi-edged
tree T = (V,E) (Grimson et al. 2024). A node u is de-
fined as the contiguous segments of the river R undisturbed
by dam locations and each dam location l ∈ L becomes a
multi-edge {(u, v, 0), ..., (u, v,m − 1)} connecting down-
stream to upstream river sections and containing m ≥ 1
edges (see Figure 2). Each edge (u, v, i) as part of a multi-
edge set represents each of the possible decisions at that lo-
cation. For example, for already built dams, there may only
be a single edge, but for proposed locations, there may be
two edges representing the decisions to build and not build.
More than two edges are possible when considering different
dam configurations such as floating photovoltaics (Grimson
et al. 2024). Each node u has objective values ru ∈ Rd

≥0.
Each edge (u, v, i) ∈ E also has for each objective a reward
suvi ∈ Rd

≥0, in addition to a set of passage probabilities
puvi ∈ [0, 1]d representing the proportion of an objective
that passes through the edge. We also have lower and upper
bounds l ∈ Rd and u ∈ Rd for the objectives, where a solu-
tion π is feasible if and only if li ≤ z(π)i ≤ ui, ∀i ∈ [d].

Here, a solution π is defined as a spanning tree of the
multi-edge tree, selecting exactly one edge from each set.
We define a solution’s objectives for tree T with root r as:

zi(π, T ) = rir +
∑

(v,w,k)∈π

riw
∏

(x,y,j)∈P(r,w,π)

pixyj

+sivwk

∏
(x,y,j)∈P(r,v,π)

pixyj


where P (u, v, π) is the path from u to v through

the edges in π. A recursive formulation, using Tu as
the sub-tree rooted at node u, is zi(π, Tu) = riu +∑

(u,v,j)∈π

(
siuvj + piuvjz

i(π, Tv)
)

In the original unconstrained algorithm (Wu et al. 2018),
the authors employed dynamic programming (DP) to effi-
ciently calculate the Pareto optimal set by recursively gen-
erating a Pareto optimal set of partial solutions at each node
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from the Pareto optimal set of partial solutions at the chil-
dren. Specifically, the algorithm generates all possible so-
lutions by taking the Cartesian product of each solution in
a child’s frontier with each possible edge decision between
the parent and the child. It then determines the Pareto opti-
mal set of partial solutions at a node as the non-dominated
solutions. However, this algorithm does not consider con-
straints and may result in infeasible solutions.

Constraint-aware Pareto Optimization
Previous work on multi-objective optimization for tree-
structured problems considered an unconstrained setting
(Wu et al. 2018; Gomes-Selman et al. 2018; Grimson et al.
2024). In this work, we introduce box constraints on the ob-
jective space of the form l ≤ z(π) ≤ u ∈ Rd.

Lower Bounds
We first consider lower bounds z(π) ≥ l. Lower bounds
result in a Pareto optimal set that is a subset of the uncon-
strained Pareto optimal set.
Lemma 1. Let S = {π ⊆ E} be the set of all feasible solu-
tions where π is a spanning tree of E, let z(π) ∈ Rd be the
d objective values for a solution π, and let l ∈ Rd be a set
of lower bounds on each objective. Let P ⊆ S be the Pareto
optimal set to the unconstrained problem “max z(π)”, and
let Pl ⊆ S be the Pareto optimal set to the constrained prob-
lem “max z(π) subject to z(π) ≥ l”, then Pl ⊆ P .

The proof is provided in the appendix. Combining Lemma
1 with Theorem 2 from (Wu et al. 2018), which shows Pareto
optimal solutions can be recursively generated from partial
Pareto optimal solutions, we can construct an extension of
the algorithm that removes solutions that cannot meet the
lower bound constraints. That is, for any node in v ∈ V in
the tree, and some Pareto optimal partial solution π ∈ Pv

at v, we consider whether that solution can meet the lower
bound constraints given the remaining decisions. If such a
solution cannot possibly meet the lower bound constraint, it
can be safely removed from Pv .
Theorem 1. Let T = (V,E) with root r be a multi-edged
tree and v ∈ V be a node of the tree, and let Pv be the
Pareto frontier at node v without considering lower bounds.
Let T\v ⊆ T be the tree excluding the sub-tree rooted at v,
but including node v. Let z\v ∈ Rd be a vector of maximum
attainable values for the d objectives in tree T\v . For any
solution π ∈ Pv , if zπ+z\v < cl for any of the d objectives,
then any solution π′ that contains the decisions in π will not
exist in the constrained Pareto optimal set P of the root r.

The proof is in the appendix. This is implemented
in the pseudocode in the appendix in the EN-
FORCE CONSTRAINTS method. As a consequence of
Theorem 1, at node v ∈ V , for the Pareto frontier con-
strained by the lower bounds Pv

l , and the unconstrained
Pareto frontier Pv , we have Pv

l ⊆ Pv and |Pv
l | ≤ |Pv|.

Since the running time is directly proportional to the number
of solutions considered, this results in a faster runtime when
considering lower bounds. Figure 3b shows an example of
using bounds to prune solutions based on the example in
Figure 3a, with a lower bound on sediment.

(a) Example network rooted at r with four dam sites and
two objectives: sediment and energy. Dam 2 has already
been built, whereas 1, 3, and 4 have not.
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values. The red line is a lower bound on sediment, and the
black line is an upper bound on energy. Point 1 is feasible.

Figure 3: Example network with constraints.

Upper Bounds

Now we consider upper bounds z(π) ≤ u. Similarly to the
lower bounds methods, we prune any solution that will nec-
essarily break the upper bound by determining the minimum
amount of a given objective that is forced to be accrued due
to the nodes in the tree that have not been considered yet,
namely for already built dams. For node v ∈ V , let z(\v)′
be the minimum value of an objective forced by the nodes
outside the tree rooted at node v, then we can prune any so-
lution π generated at each node such that z(π)+ z(\v)′ > u,
which we introduce in the second pruning check in the EN-
FORCE CONSTRAINTS method in the algorithm (provided
in the appendix). However, by doing so, we can no longer
guarantee the optimality of the solutions, nor can we guar-
antee a reduction in the number of solutions considered. In
the appendix, we demonstrate a case where a Pareto solu-
tion for the constraint-aware problem is not found and a so-
lution that is found is not Pareto optimal for the constrained
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Figure 4: Median number of solutions considered on synthetic data as a function of the lower (left) and upper (right) bounds.
As the number of objectives increases the number of solutions also increases. As the lower bound increases, the number of
solutions considered decreases, and as the upper bound increases the number of solutions considered decreases.

Figure 5: (Left) Percentage of true constrained Pareto optimal solutions (middle) maximum, and (right) median normalized
distances from missed true constrained Pareto optimal solutions for synthetic trees at different upper bounds and numbers of
objectives. Our constraint-aware method (CA) [squares] always finds more true Pareto solutions than post hoc removal (PH)
[triangles], with this gap increasing with the number of objectives. Our constraint-aware method consistently finds closer points
to the true constrained Pareto optimal solutions in the constrained region.

problem. While the Pareto solutions generated by the algo-
rithm are not guaranteed to be optimal, doing so allows us to
generate a frontier that covers all the solutions produced by
post-processing the unconstrained Pareto frontier.

Theorem 2. Let T = (V,E) with root node r be a multi-
edged tree, S = {π ⊆ E} be the set of all feasible solutions
where each π is a spanning tree of the edges E, z(π) ∈ Rd

be the d objective values for a given solution π, and u ∈ Rd

be a set of upper bounds on each objective. For the optimiza-
tion problem max z(π) subject to z(π) ≤ u, let P ⊆ S be
the Pareto frontier found by the algorithm and P ′ ⊆ S be
the Pareto frontier found by solving the unconstrained op-
timization problem first and then removing all the solutions
that violate the constraints. Then P ′ ⊆ P .

The proof is provided in the appendix. Given Theorem 2,
P has a hypervolume that is at least as large as P ′. The full
pruning step of ENFORCE CONSTRAINTS in the algorithm
(provided in the appendix) considers both lower and upper
bound constraints. Figure 3b depicts solution pruning based
on the example in Figure 3a, where the upper bound on en-
ergy production results in only point 1 being feasible.

Empirical Evaluation
Synthetic Experiments
To methodically test our method, we generate a synthetic
dataset consisting of 10 trees with 26 nodes that resemble
real-world instances. For each tree, we calculated the maxi-
mum attainable value za for objective a, and constructed 21
uniform intervals from [0, za] used as the bound. Instance
generation details are in the appendix. We evaluate models
for 3, 4, and 5 objectives and compare against previous state-
of-the-art Pareto methods for tree-structured problems.

Lower Bounds As post hoc filtering for lower bounds is
guaranteed to find the set of Pareto optimal solutions, we
look at how lower bounds affect the number of solutions
considered. For each tree and each lower bound interval
on objective a, we ran the constraint-aware algorithm and
tracked the number of solutions considered for 3, 4, and
5 objectives, showing the distribution of median values in
Figure 4. A lower bound of 0 is equivalent to the uncon-
strained problem as they generate the same solution set, and
at the lower bound of za there is only a single feasible so-
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Figure 6: Constraint-aware vs. post hoc removal of solutions for the Cauca River compared with the true constrained Pareto
frontier. The left and middle boxplots show the distances in the constrained objectives to the nearest Pareto optimal solution.
The right plot shows normalized Euclidean distances across all 7 objectives to the nearest Pareto optimal solution.

Bounds Model Runtime # Pareto # Pareto Solutions Normalized
(sec) Solutions ≥ 99% UB Hypervolume

BAU-NZ Post Hoc 41,907 22,420,662 15,181 0.318
BAU-NZ Constraint-Aware 26,375 22,469,399 17,773 0.324
NZ-1% Post Hoc 41,907 132,159 21,473 0.585
NZ-1% Constraint-Aware 4,779 135,283 23,175 0.589

Table 1: Results for constraint-aware versus post hoc removal of solutions with ϵ rounding of 0.01 on the full Magdalena,
considering Business-As-Usual (BAU) and Net Zero (NZ) 2050 targets, and within 1% (NZ-1%) of NZ targets. Constraint-
aware runs faster and finds more solutions near the upper bound, with larger hypervolumes.

lution: building every dam. Overall, Figure 4 demonstrates
the importance of using known lower bounds in reducing the
search space and thus, runtime.

Upper Bounds We evaluate the impact of upper bounds
on the resulting solution set compared to the true Pareto set.
For each tree and each objective interval as an upper bound
on objective a, we ran an exhaustive search, our constraint-
aware algorithm, and an unconstrained optimizer with post
hoc removal of infeasible solutions. An upper bound of 0
has one feasible solution and an upper bound of za is un-
constrained. Tests consider 3, 4, and 5 objectives.

Results We compare the constraint-aware algorithm to
post hoc filtering of an unconstrained Pareto frontier using
the tree-structured Pareto optimization from (Grimson et al.
2024; Wu et al. 2018; Gomes-Selman et al. 2018), which
was shown to outperform other methods in scale and qual-
ity of solutions by using the tree network. Figure 5 shows
the median percentage of true solutions found, as well as
the median and maximum distances from each of the missed
true Pareto solutions to the nearest solution. In all cases, the
constraint-aware algorithm finds at least as many solutions
as the post hoc removal, and finds up to 50% more of the
true Pareto solutions. Lastly, our method consistently finds
points closer to missed optimal solutions.

Magdalena Hydropower Expansion
For the Magdalena River basin, which has a total of 143
proposed hydropower dam locations, we consider six objec-
tives: average energy output, river connectivity, greenhouse

gas emissions, sediment transport, number of displaced peo-
ple, and area of inundated farmland. In this scenario, we con-
sider constraints on average energy as well as installed ca-
pacity (maximum output) without treating the latter as an ob-
jective to optimize. The lower bounds are from Business-As-
Usual 2050 scenario values (UPME 2018) of 15,900 MW
and 8,700 MW equivalent for capacity and energy respec-
tively, and the upper bounds were obtained from Colombia’s
Net Zero 2050 agenda (Gobierno de Colombia 2021) which
estimates upper bound targets of 23,900 MW and 13,100
MW equivalent for capacity and energy respectively.

In all Magdalena experiments, we compare solutions from
our constraint-aware method against post hoc removal of so-
lutions based on the previous state-of-the-art work on un-
constrained Pareto frontiers for tree-structured problems(Wu
et al. 2018; Gomes-Selman et al. 2018; Grimson et al. 2024)
which is able to scale up to larger numbers of objectives and
decisions than other methods for the unconstrained problem.

Due to the large number of unbuilt dams in the Mag-
dalena, it is infeasible to identify the true Pareto frontier
for comparisons. Thus, we first consider a sub-basin of the
Magdalena, the Cauca, consisting of 19 built and 28 un-
built dams, where the search space is small enough to ex-
haustively identify the true frontier. We evaluate constraint-
aware and post hoc removal against exhaustive search for the
Cauca with scaled constraints: upper bounds of 11,010 MW
and 6,400 MW and lower bounds of 6,660 MW and 3,860
MW for capacity and average energy respectively. Figure 6
shows the distances between missed solutions from the true
frontier to the nearest solution in the other frontiers, where
we see the constraint-aware method performs best.
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Figure 7: Left: Hypervolume improvement in regions close to the upper bounds for the Magdelena basin for the solutions in the
constraint-aware algorithm vs. post hoc removal, focusing on solutions that fall into the region that is {Constraint Slackness}
away from the upper bounds. The constraint-aware algorithm consistently gives higher coverage, and the improvement greatly
increases close to the upper bound. Right: Parallel plot visualizing results within +/- 1% of the net zero targets for the six
objectives: average energy (max), river connectivity (max), sediment (max), GHG emissions (min), population displacement
(min), and inundated farmland (min). Each parallel coordinate corresponds to an objective and each line to a solution.

Finally, we run the post hoc removal and constraint-aware
methods for the Magdalena River basin with an ϵ rounding
of 0.01. In the original work (Wu et al. 2018), this ϵ value
was an approximation. However, with the upper bounds, this
is no longer a true approximation, but a rounding mech-
anism to reduce the solution set size. Table 1 shows the
running times, the number of Pareto solutions found near
the upper bound, and the normalized hypervolume cover-
age of the two methods. We see that in all metrics, the
constraint-aware method performs better. Figure 7 shows
the improvement of hypervolume in the regions close to
the upper bounds. We see that the constraint-aware algo-
rithm consistently provides better coverage for the regions
close to the upper bounds and the closer we are to the
bound, the more improvement we observe from using the
constraint-aware algorithm. Figure 7 also visualizes the ob-
jective values of various solutions in a parallel plot, part
of a tool provided to policymakers (https://www.cs.cornell.
edu/gomes/udiscoverit/magdalena-ecovistas), for solutions
found within 1% of hydropower expansion needed to meet
Net Zero Emission targets for Colombia by 2050. While we
see a smooth set of solutions across all average energy tar-
gets, we see clusters of solutions around different values for
the ecosystem services. Specifically, distinct groupings are
observed around different GHG and river connectivity val-
ues. These results underscore the importance of evaluating
the full set of objectives and ensuing tradeoffs under reason-
able constraints in decision making.

Future Work
For future work, it would be important to consider con-
straints beyond just those applied to the objective space, but

also the decision space - for example if two planned hy-
dropower dams are mutually exclusive. Additionally, while
the strong theoretical guarantees of the solution quality
along the upper bound no longer exists, there may yet ex-
ist guarantees on the proximity by considering whether the
largest valued solution may fit in the gap between the current
value and the upper bounds.

Conclusion
Unconstrained Pareto frontiers are highly unrealistic for
many multi-objective optimization problems, as they contain
many infeasible solutions that policymakers would never
consider. As countries work towards decarbonization tar-
gets via hydropower dam expansion, they face realistic con-
straints based on expected energy needs. By considering
constraints, we can leverage the reduced search space to run
more efficiently via our constraint-aware algorithm, which
identifies more Pareto solutions close to the upper bound
constraints that are missed by an unconstrained solver, re-
sulting in a broader distribution of solutions. More impor-
tantly, our constraint-aware Pareto algorithm performs well
and provides valuable insights into a real-world case study
on the Magdalena River basin in Colombia, with 143 dams
in consideration, based on the energy needs of Colombia for
the business-as-usual (UPME 2018) and the desired decar-
bonization targets (Gobierno de Colombia 2021) by 2050.

Our work highlights the importance of constraining the
solution space to assist policymakers in investigating and
finding meaningful solutions by considering realistic scenar-
ios. We hope the research community continues improving
constraint-aware Pareto optimization approaches, which are
vital for addressing sustainable development goals.
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