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ABSTRACT 
Although rare, unexpected events such as financial crises, geopolitical conflicts, and pandemics 
have reshaped reality in recent years. Despite their strong potential to affect the energy transition, 
such events are still largely overlooked in energy planning studies. Ignoring them can lead to poorly 
informed decisions that may jeopardize the transition. Identifying early-stage decisions that re-
main robust under unexpected events is therefore essential. To address this challenge, Ener-
gyScope Pathway, a whole-energy system model with limited foresight, is applied to Belgium. To 
increase the likelihood of a successful transition, the Modeling to Generate Alternatives approach 
is used to diversify early-stage decisions in 2035. These alternatives are allowed to be up to 10% 
more expensive than the cost-optimal solution. However, the large number of alternative designs 
is difficult to navigate for decision makers. To address this, a decision-support framework based 
on the Multi-Armed Bandit framework is used to identify early-stage decisions that are most robust 
to future unexpected events. In this step, the remaining transition phases are optimized under 
unexpected events sampled within predefined impact ranges. The results show that, under normal 
conditions, there is a high degree of flexibility in the decision space for the 2030–2035 phase, with 
many technologies or resources that can be entirely omitted. However, robust early-stage deci-
sions rely on a diverse energy generation portfolio, with a stronger emphasis on wind deployment, 
early mobility shifts toward battery electric vehicles, and the import of e-fuels. These insights can 
help decision makers steer the energy transition toward a robust path from the beginning. While 
Belgium is used as a case study, this framework is transferable to other contexts. 

Keywords: Energy transition, Modeling to generate alternatives, Multi-armed bandit, Decision-making, Unex-
pected events 

1. INTRODUCTION 
The need for an energy transition has become in-

creasingly urgent due to the impacts of climate change 
on the economy, food security, and human health [1]. To 
guide this transition, energy system modeling has 
emerged as a key tool for shaping policies and invest-
ment decisions. Despite the large number of studies on 
this topic, progress in the energy transition has been hin-
dered by hesitation and inaction, largely driven by the 
many uncertainties surrounding energy projects [2]. 
Many existing energy planning studies ignore uncertainty 
altogether [3], making their solutions highly sensitive to 

inaccuracies in future conditions and ultimately prone to 
failure. A striking example is the collapse of General Elec-
tric’s thermal power business, which lost approximately 
$193 billion between 2016 and 2018 due to incorrect as-
sumptions favoring gas over renewables [4]. In the rare 
cases where uncertainty is considered, most models rely 
on local sensitivity analysis or probability-based ap-
proaches [5]. While useful, these methods fail to capture 
deeper and more complex forms of uncertainty, particu-
larly those that are rare in nature but have significant 
consequences: unexpected events. These are largely 
mispredicted or unpredicted occurrences that deviate 
strongly from expectations and persist long enough to 
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influence strategic decisions [6]. Such events have al-
ready affected the energy sector in the past and are likely 
to do so again [7, 8]. They may arise from technological 
breakthroughs, supply-chain disruptions, global pan-
demics, geopolitical conflicts, or societal and political 
shifts. The COVID-19 pandemic, for instance, reshaped 
the global energy sector by altering fuel demand, accel-
erating the deployment of renewables, and highlighting 
vulnerabilities in global supply chains [9].  
Despite their importance, unexpected events are poorly 
represented in energy planning tools [6]. Their low prob-
ability and the scarcity of data needed to characterize 
them make them difficult to incorporate into standard un-
certainty analysis methods.  

This paper addresses these challenges by propos-
ing a novel framework to identify early-stage energy 
transition decisions that perform well under unexpected 
events. 

The whole-energy, regional energy model Ener-
gyScope Pathway [10] is applied to Belgium using a mul-
tistage formulation with limited foresight, ensuring that 
events occurring in later stages are not anticipated from 
the beginning but instead arise as surprises. The model 
optimizes the energy transition by minimizing costs, sub-
ject to constraints that ensure a carbon-neutral Belgium 
by 2050. The decision space is then expanded using the 
Modeling to Generate Alternatives (MGA) approach [11], 
which is applied to the early transition phase from 2030 
to 2035 to generate a diverse set of near-optimal early-
stage decisions. These decisions, such as not importing 
e-fuels or not relying on nuclear energy, increase the like-
lihood of a successful transition by providing more di-
verse starting conditions. Afterwards, these decisions 
are evaluated under unexpected events occurring in the 
remaining stages of the transition, from 2035 to 2050. Fi-
nally, a decision-making framework based on the Multi-
Armed Bandit (MAB) algorithm [12] is used to identify the 
most robust early-stage decisions in 2035. Although the 
Belgian energy transition is used as a case study, the pro-
posed framework is highly transferable and can be ap-
plied to other contexts, both within the energy sector and 
in other planning applications. 
In this paper, we first present the EnergyScope Pathway 
model, the MGA approach, the generation of unexpected 
events, and the MAB approach (Section 2). The results 
section (Section 3) begins by illustrating the diversity of 
the near-optimal space, followed by the selection of rep-
resentative early-stage decisions. The robust early-
stage decisions are then identified using the MAB ap-
proach. Section 4 concludes the paper by summarizing 
the main takeaways. 

2. METHODS 

2.1 EnergyScope Pathway 

The energy model used in this work is EnergyScope 
Pathway [10], a regional, whole-energy system model 
applied to the Belgian case. It covers most energy sec-
tors, including electricity, heating, transport, and non-en-
ergy demand. It includes six demand categories and 112 
technologies covering energy supply, storage and con-
version, as well as import and export interactions with 
neighbouring countries. The model is formulated as a lin-
ear multistage optimization problem, with the objective of 
minimizing the total transition cost. In the pathway (mul-
tistage) formulation, the energy transition is divided into 
multiple phases, each with its own parameters and vari-
ables. The results of one phase are passed to the next as 
initial conditions, allowing the model to capture the evo-
lution of investment decisions over time. The model can 
be used either with an hourly resolution, using a typical 
days approach [13], or with a monthly resolution, where 
each month is represented by a single time point. While 
the monthly formulation offers faster solution times, it is 
less detailed, as renewable intermittency and hourly de-
mand variations are not explicitly captured. As a result, 
some technologies, such as storage technologies, are not 
included. 
EnergyScope Pathway supports both perfect foresight 
and myopic foresight formulations. In the perfect fore-
sight case, the entire transition is optimized in a single 
run, assuming full knowledge of future conditions, and 
decisions for all phases are optimized simultaneously. A 
global CO₂ emissions budget is imposed, allowing any 
decarbonization pathway as long as the final emissions 
target is met by the end of the transition. In the myopic 
foresight formulation, each phase of the transition is op-
timized on its own, sequentially, without knowledge of fu-
ture conditions. Since each phase is optimized sepa-
rately, a global CO₂ emissions constraint cannot be ap-
plied. Instead, a specific CO₂ emissions constraint is im-
posed for each one. These constraints follow an expo-
nential decay formulation [14]: 

𝑒𝑒(𝑡𝑡) = 𝑒𝑒0 (1 + (𝑟𝑟 + 𝑚𝑚) 𝑡𝑡) 𝑒𝑒−��           (1) 

where 𝑒𝑒0 124 MtCO2/yr ) is the initial emission level, 𝑟𝑟 is 
the initial slope parameter (set to zero), and 𝑚𝑚 is the de-
cay parameter. The parameter 𝑚𝑚 is calibrated such that 
the trapezoidal approximation of emissions, evaluated in 
five-year steps between 2020 and 2050, matches the 
cumulative emissions budget 1.5 GtCO2 [15]. The result-
ing emissions levels at each five-year node are then used 
as constraints in the myopic optimization. In this work, 
the monthly and myopic options are chosen. 
Additional details on the model can be found in [6, 10]. 

2.2 Early stage decisions 
EnergyScope Pathway optimizes the energy transi-

tion by minimizing costs, delivering a single cost-optimal 
solution. While informative, this approach is not enough, 
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as it lacks the diversity of solutions required for decision 
makers with their different preferences. Moreover, rely-
ing on a single solution is risky, as it may not perform well 
under structural uncertainties, particularly high-impact 
ones such as unexpected events. For instance, under 
normal conditions, a maximum deployment level may be 
assumed for a given technology. The cost-optimal path-
way will then size its PV deployment to this maximum in 
the early stages of the transition. Under unexpected 
events, however, this maximum deployment could be re-
duced by half, leaving the optimal solution unable to cope 
with such situation. To address this limitation, we rely on 
the Modeling to Generate Alternatives (MGA) [11] ap-
proach to explore the near-optimal space of early-stage 
decisions for the transition phase 2030–2035. MGA al-
lows a small increase (slack) in cost in exchange for 
greater solution diversity. In this work, a 10% slack (cost 
increase) is allowed during the 2030–2035 phase relative 
to the cost of that phase, and all solutions satisfying this 
condition are identified as near-optimal. As a result, by 
2035, rather than a single optimal energy system, a set 
of diverse energy systems with near-equivalent eco-
nomic performance is identified. Considering such alter-
native solutions can lead to better performance when un-
expected events occur. These alternatives may include, 
for example, energy systems with lower reliance on PV, 
reduced fossil fuels imports to accelerate early decar-
bonization, or higher e-fuels imports during the initial 
transition stages. These choices, among many others, 
provide policymakers with a broader decision space, ra-
ther than locking decisions into a single pathway. The fo-
cus on the 2030–2035 period is motivated by the need 
to provide actionable guidance for decisions that need to 
be taken today or in the near future, helping to place the 
energy transition on the right track from the beginning. 

Another key element in defining the MGA problem is 
the choice of the MGA variables. These variables are al-
lowed to vary within the feasible space to explore the 
near-optimal solutions. Ideally, the MGA variables would 
include all investment decisions. However, due to com-
putational limitations, only a limited number of variables 
can be considered. In this work, the selected MGA varia-
bles are: battery electric vehicles (BEV) [Mpkm/h], nu-
clear capacity [GW], PV capacity [GW], wind capacity 
(the sum of onshore and offshore wind) [GW], e-fuels im-
ports (the sum of imported renewable methanol, ammo-
nia, and hydrogen) [GWh], and fossil resource imports 
(the sum of imported coal, diesel, and gas) [GWh]. These 
variables correspond to the strategic decisions that gov-
ernments and policymakers can directly influence. 
Using the MGA approach, the near-optimal space is de-
fined as:  

𝑊𝑊 =  {  𝑥𝑥 ∈ 𝑋𝑋 | 𝑓𝑓(𝑥𝑥)  ≤ 𝑓𝑓(𝑥𝑥^ ∗) (1 +  ε)  }     (2) 

where 𝑋𝑋 is the feasible solution space, ε is the slack 

parameter, 𝑓𝑓(𝑥𝑥) denotes the objective function, and 𝑥𝑥∗ is 
the optimal solution. In this study, 𝑓𝑓(𝑥𝑥) corresponds to the 
cumulative cost of the transition up to 2035, and ε is set 
to 10%. As a result, all solutions that are at most 10% more 
expensive than the minimum-cost solution are accepted.  
The exploration of the near-optimal space follows the 
Modeling All Alternatives (MAA) approach developed by 
Pedersen et al. [16]. This method maps the entire near-
optimal space by defining its convex hull, which is the 
smallest polyhedron containing all near-optimal solu-
tions. Since the original problem formulation is linear, the 
near-optimal space is guaranteed to form a polyhedron. 
The method starts with an initial set of near-optimal so-
lutions, from which a first convex hull is constructed us-
ing the Quickhull algorithm. In the next iteration, new 
near-optimal points are generated to increase the volume 
of the convex hull. Once the convex hull is fully defined, 
it is then sampled since all points within it are valid near-
optimal solutions. After generating a large set of near-
optimal solutions, using all of them as early-stage deci-
sions becomes computationally expensive. Therefore, a 
representative subset is selected using the k-means 
clustering approach, which groups solutions with similar 
characteristics. The centroid of each cluster is chosen as 
a representative solution, and the number of clusters is 
determined using the elbow method [17]. 

2.3 Unexpected events 
Following the work of Coppitters et al. [6], six cate-

gories of unexpected events are identified. The first cat-
egory concerns the availability of imported resources, in-
cluding electrofuels, biofuels, and electricity. The second 
category is resistance to change, which includes PV and 
wind deployment, low-temperature heating renovations, 
and private mobility changes. The third category relates 
to exchange-rate deterioration, and the fourth to in-
creases in energy demand. The fifth category concerns 
unicorn technologies, including small modular reactors 
(SMR), carbon capture and storage (CCS), geothermal 
power, ammonia-fired combined cycle gas turbines 
(CCGT), and ammonia cracking. The final category is the 
nuclear phase-out. For the first four categories, each 
subcategory is characterized by four parameters, each 
corresponding to a specific year of impact: 2035, 2040, 
2045, and 2050. Each parameter can take one of six val-
ues: 0, 20, 40, 60, 80, or 100, where 0 indicates no impact 
and 100 represents full impact in the corresponding year. 
For the fifth category, each subcategory is characterized 
by a single parameter indicating when the technology be-
comes available: 2040, 2045, 2050, or after that. Simi-
larly, the nuclear phase-out is represented by a single pa-
rameter indicating when the phase-out occurs: 2035, 
2040, 2045, 2050, or after that. 

From this parameter space, 1000 unexpected-event 
scenarios are sampled using Sobol sampling to ensure 



 

Kchaou et al. / LAPSE:2026.0274 Syst Control Trans 5:574-582 (2026) 577  

uniform coverage of the space. For further details on the 
selection, parametrization, and generation of unexpected 
events, the reader is referred to [6]. 

2.4 Multi-armed bandit 
After generating a set of early-stage decisions for 

the year 2035 using MGA (Subsection 2.2), the objective 
is to identify the most robust ones of these decisions un-
der the unexpected events defined in Subsection 2.3. 
Policymakers can take one of these decisions in the near 
future. However, evaluating all possible combinations of 
early-stage decisions and unexpected event scenarios is 
computationally expensive, even for simplified models 
such as the monthly model used in this work. To address 
this computational challenge, a reinforcement learning 
approach based on the Multi-Armed Bandit (MAB) algo-
rithm is used [12]. 

The MAB problem can be illustrated by a gambler 
playing slot machines with multiple arms, each returning 
random rewards. At each time step, the gambler pulls an 
arm and gets a reward. Based on the history of rewards, 
the MAB algorithm suggests which arm to pull next in or-
der to maximize the expected reward. In the context of 
this work, each early-stage decision for the year 2035 
represents an arm, and the reward corresponds to the fi-
nal outcome of the energy transition. Each time a specific 
early-stage decision is selected, the energy system in 
2035 is fixed according to the decision, and the remain-
der of the transition is optimized under a randomly se-
lected unexpected event scenario drawn from the 1000 
generated scenarios. This is where the uncertainty in the 
reward arises. By balancing exploration and exploitation, 
the MAB approach identifies the most robust early-stage 
decisions without the need to evaluate all possible sce-
nario–decision combinations. 

In this MAB problem, the Upper Confidence Bound 
(UCB) policy [12] is used. The policy defines the logic be-
hind the selection of the next arm at each time step. Let 
𝐾𝐾 denote the number of arms. At each time step 𝑡𝑡, an arm    
𝑎𝑎� ∈ {1, … , 𝐾𝐾} is pulled, resulting in a random reward 𝑟𝑟�. 
The UCB policy defines an objective that combines ex-
ploitation, through the use of empirical mean of the pre-
vious rewards, and exploration, through an explicit un-
certainty term that accounts for how often each arm has 
been pulled. This objective is maximized to select the 
next arm 𝑎𝑎�+1 to pull. 
The reward is typically defined within the interval [0, 1]. 
For that, the reward in this work is defined as follows: 

𝑟𝑟� = �
�optimal

�scenario
, if the CO_2 target is met by 2050

0, otherwise
   (3) 

where 𝐶𝐶optimal is the minimum (optimal) cost, under normal 
conditions and 𝐶𝐶scenario is the cost of the scenario defined 
by the combination of an unexpected event scenario and 
the selected early-stage decision. 

A summary of the methodology is illustrated in Figure 1. 

 
Figure 1: The methodology starts by setting up the 
energy transition model (1). Then, a set of alternative 
early-stage decisions for the year 2035 is generated (2), 
along with a set of unexpected-event scenarios (3). A 
MAB approach (4) is used to test the early-stage 
decisions against these unexpected events and identify 
the most robust ones. 

3. RESULTS 

3.1 Near-optimal space 
The optimal early-stage decision, as well as the 

near-optimal decisions for the year 2035, are presented 
in Figure 2. The figure shows the probability mass func-
tions (PMFs) of the near-optimal space together with the 
optimal values, indicated by red stars, for the MGA vari-
ables: BEV, nuclear capacity, PV capacity, wind capacity, 
e-fuels imports, and fossil resource imports. 

The optimal solution is characterized by high nu-
clear and wind deployment, and fossil resource imports, 
medium level of integration for BEV and low PV deploy-
ment and e-fuels imports, as seen in the range of the 
near-optimal space. The near-optimal alternatives them-
selves span a wide range of values, indicating a high de-
gree of flexibility and the existence of solutions that are 
structurally very different from the optimal one. For in-
stance, most variables can reach zero or near-zero val-
ues, meaning that their corresponding technologies or 
resources can be entirely omitted (for example, some 
near-optimal systems have no wind deployment or al-
most no fossil fuels imports) while remaining at most 10% 
more expensive than the optimal system by 2035. How-
ever, the near-optimal solutions are not evenly distrib-
uted across this wide range. Looking at the PMFs of wind, 
PV, and nuclear capacity, distributions are skewed to-
ward higher values, suggesting that higher deployment 
levels are more frequently favored among near-optimal 
solutions. This tendency does not always coincide with 
the optimal value, as seen for PV capacity. In contrast, 
the BEV PMF is normally distributed around the optimal 
value, indicating that the optimal BEV level is the most 
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favored option. Finally, for fuels imports, both distribu-
tions are close to uniform, with a slight skew toward 
higher values for e-fuels imports, indicating that near-op-
timal solutions are evenly spread across these dimen-
sions of the decision space. At this stage, it should be 
kept in mind that this flexibility concerns only early-stage 
decisions specific to the year 2035 of the transition. 

3.2 Early stage decisions selection 
The MAA method generates thousands of near-op-

timal early-stage decisions for the year 2035. However, 
retaining the full set of solutions to study their robustness 
would be computationally expensive, as discussed in 
Section 2.2. To address this, the near-optimal space is 
reduced using representative solutions, selected as the 

 
Figure 2. The probability mass function plots of the near-optimal space show a wide variety of feasible solutions. 
Despite this large space, solutions are not evenly distributed across the full range of values. PV, wind, and nuclear 
deployment exhibit strong skewness toward higher values. BEV is normally distributed around its optimal value 
(indicated by the red star), whereas fuels imports are more uniformly distributed across the near-optimal space. 

 

Probability Mass 
Function

Mpkm/h GW

GW GW

GWh GWh
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centroids of clusters obtained through k-means cluster-
ing. The elbow method suggested dividing the space into 
5 to 10 clusters: for better interpretability, the space was 
finally clustered into 5 clusters. 
Figure 3 illustrates the resulting heatmap of early-stage 
decisions. All MGA variables are normalized to the [0, 1] 
interval, where a value of 0 represents the absence of the 
technology, while 1 corresponds to its maximum level. 
The optimal solution is shown in the first row, followed by 
the five cluster centroids that characterize the near-op-
timal solution space. Across all early-stage decisions, 
high deployment of wind, solar, and nuclear technologies 
is a consistent feature, with at least two of these tech-
nologies reaching high levels in every case. BEV integra-
tion is generally moderate, with two exceptions: a low 
level in decision 2 and a slightly higher level in decision 5. 
Fossil fuels imports are similar across decisions, with 
mostly mid-level imports and higher imports in the opti-
mal solution. In contrast, e-fuels imports are generally 
moderate, except in the optimal solution, where they are 
comparatively low. 

 
Figure 3. Heatmap of relative MGA variable values ([0, 1]) 
for the optimal solution and the five cluster centroids 
representing the near-optimal space. The figure shows 
consistent high deployment of wind, solar, and nuclear 
technologies across early-stage decisions, while BEV 
integration remains mostly moderate. Fossil fuels imports 
are present in all cases, with higher levels in the optimal 
solution, whereas e-fuels imports are generally moderate 
and lower in the optimal case. 

The near-optimal early-stage decisions (decisions 2 
to 6 in Figure 3) are then evaluated under normal condi-
tions, without unexpected events. In 2035, the energy 
system is fixed according to each of these early-stage 

decisions, and the remainder of the transition is opti-
mized under a cost-minimization objective. All of the de-
cisions lead to a successful transition, in the sense that 
the 2050 CO₂ target is met in all cases. However, the as-
sociated total transition costs (all of the transition, up un-
til 2050) differ. As shown in Figure 4, all decisions result 
in higher total costs than the total optimal solution (red 
dashed line). Nevertheless, total costs remain within the 
10% slack of the total optimal solution (grey dashed line): 
below 110% of the minimum total transition cost. In terms 
of specific values, decisions 2, 3, and 4 have similar total 
costs, around 960 b€. Decision 5 leads to the highest to-
tal cost (≈ 968 b€), while decision 6 leads to the lowest 
total cost (≈ 943 b€). 

 
Figure 4. Total transition costs associated with the near-
optimal early-stage decisions, compared to the optimal 
solution (red dashed line), under normal conditions. All 
near-optimal decisions result in higher total costs than 
the optimal case, while remaining below 110% of the 
minimum total transition cost (grey dashed line). Decision 
2, 3 and 4 have similar costs, while decision 5 has the 
highest cost and decision 6 has the lowest cost. 

3.3 Robust early stage decisions 
The multi-armed bandit (MAB) method is used to 

identify the most robust early-stage decisions. The algo-
rithm is run for 1000 time steps. At each step, a decision 
is selected (pulled) based on the UCB policy, and a ran-
dom unexpected events scenario is applied starting from 
2035. Figure 5 shows the cumulative number of pulls for 
each decision over time. Decision 6 clearly stands out, as 
it is selected most often, followed by decisions 3 and 5. 
In contrast, decisions 1 (the optimal decision for the 
2030-2035 phase), 4, and 2 are selected least fre-
quently. Similar conclusions can be drawn from the evo-
lution of the average reward per decision, shown in Fig-
ure 6. Decision 6 reaches the highest average reward (≈ 
0.49) (Eq. 3), followed by decisions 3 and 5 with average 
rewards of about 0.41. The weakest performing decisions 
are decisions 1, 4, and 2, with average rewards of ap-
proximately 0.35, 0.28, and 0.20, respectively. 

One important observation is that all early-stage de-
cisions share a common feature: they all have a mixed 
energy generation portfolio. However, what separates 

[Mpkm/h] [GW] [GW] [GW] [GWh] [GWh]
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well-performing decisions from poorly performing ones is 
the specific combination of technologies and resources 
that is chosen. When comparing decisions 2 and 3, both 
share similar characteristics, but decision 2 relies more 
on nuclear power, while decision 3 relies more on wind 
power. The better performance of decision 3 suggests 
that wind deployment provides greater robustness under 
uncertainty than relying mainly on nuclear power. Nuclear 
capacity can be entirely phased out during the transition, 
meaning that all previously installed nuclear capacity may 
eventually be dismantled. In contrast, even under re-
sistance to further wind deployment, wind capacity in-
stalled earlier in the transition continues to be used. 

 
Figure 5. Cumulative number of pulls per decision over 
time. Decision 6 is selected most often, indicating the 
highest robustness, followed by decisions 5 and 3. 
Decisions 1, 4, and 2 are selected least frequently. 

 
Figure 6. Evolution of the average reward per decision 
over time. Similar to the previous figure, decision 6 
performs best, achieving the highest average reward 
over most time steps, followed by decisions 5 and 3. 
Decisions 1, 4, and 2 have the lowest final average 
rewards. 

A similar pattern appears when comparing decisions 
4 and 5. Although both have a diverse generation mix, 
decision 5 performs better because it includes higher 
BEV integration and higher e-fuels imports. This shows 
that having a mixed generation portfolio alone is not suf-
ficient: early changes in mobility and use of e-fuels also 
play an important role. 

Finally, decisions 1 and 6 also share some similari-
ties, as both invest in the same technologies and re-
sources, with the main difference being that decision 1 
does not invest in e-fuels. Despite this similarity, their 
performance differs significantly. Decision 1 invests very 
heavily in a few technologies, with almost full nuclear and 
wind deployment and high fossil fuels imports. Decision 
6 also invests strongly in nuclear, wind, and fossil fuels, 
but at more moderate levels, and additionally relies on e-
fuels imports. This more balanced approach leads to bet-
ter performance under uncertainty. 

Overall, the results show that a diverse energy mix 
and strong wind deployment are essential, but they are 
not enough by themselves. Robust early-stage decisions 
also require early investment in e-fuels and mobility 
changes toward BEVs. 

 
Figure 7. Success rate of each early-stage decision, 
defined as the ratio of successful trials meeting the 2050 
CO₂ target to the total number of times each decision is 
selected. Decision 6 shows the highest success rate, 
followed by decisions 5, 3, 1, 4, and 2. 

Digging deeper into the analysis of the results, the 
success rate is computed for each decision. The success 
rate is defined as the ratio of successful trials that meet 
the 2050 CO₂ target to the total number of times each 
decision is selected (Figure 7). In addition, the average 
total transition cost of the successful trials is calculated 
(Figure 8). 

Consistent with previous results, decision 6 
achieves the highest success rate at 61%, followed by 
decision 5 at 54%, decision 3 at 51%, decision 1 at 44%, 
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decision 4 at 35%, and decision 2 at 29%. When looking 
at the average total transition costs, decision 3 has the 
lowest cost at 1156 b€, followed by decision 6 at 1166 b€, 
decision 4 at 1172 b€, decision 1 at 1202 b€, decision 5 
at 1255 b€, and decision 2 at 1372 b€. An important ob-
servation is that although decision 4 has one of the low-
est average costs, it lacks robustness compared to deci-
sion 5, which has a higher average cost but performs bet-
ter in terms of robustness. The same pattern appears 
when comparing decision 5 with decisions 1 and 3. Even 
though decisions 1 and 3 have lower average costs, they 
are less robust. This confirms that selecting the least 
costly option is not always the best strategy. Choosing 
alternatives that may be more expensive but ensure a ro-
bust transition leads to better outcomes. 

 
Figure 8. Average total transition cost of the successful 
trials for each early-stage decision. Although decision 3 
exhibits the lowest average cost, it does not rank among 
the most robust options. Decision 6 combines relatively 
low costs with high robustness, while decision 5 shows 
higher average costs but stronger robustness compared 
to decisions 1, 3, and 4. This highlights that lower costs 
do not necessarily imply better robustness. 

4 CONCLUSION 
In this work, we explored the near-optimal space of 

early-stage decisions for the energy transition, focusing 
on the year 2035, and identified the most robust deci-
sions under a broad range of unexpected events. To do 
so, we proposed a new decision-making framework that 
combines Modeling to Generate Alternatives (MGA) with 
a Multi-Armed Bandit (MAB) approach. This framework 
addresses the limitations of relying on a single cost-opti-
mal pathway, which may perform poorly when unex-
pected events occur. In addition, the proposed approach 
reduces the computational effort required to identify ro-
bust early-stage transition strategies. Using the MGA ap-
proach on BEV adoption, nuclear, PV, and wind 

deployment, as well as e-fuels imports and fossil fuels 
imports, the near-optimal space reveals a wide range of 
solutions that differ structurally while remaining close in 
cost. For the period 2030–2035, almost any technology 
or resource among the MGA variables can be entirely 
omitted without exceeding 110% of the minimum cost for 
that phase. However, near-optimal solutions are not 
evenly distributed across the solution space: solar, wind, 
and nuclear deployment are skewed toward high levels, 
BEV adoption is centered around the optimal value, and 
e-fuels and fossil fuels imports are more uniformly dis-
tributed. After selecting five representative early-stage 
decisions from the large near-optimal space using k-
means clustering, the MAB analysis shows that robust 
early-stage decisions are characterized by diverse en-
ergy generation portfolios, with a strong emphasis on 
wind deployment. In addition, early mobility changes to-
ward BEVs and the use of e-fuels imports play an im-
portant role in improving robustness. These insights can 
support decision makers facing highly uncertain and un-
predictable futures by highlighting actions that can be 
taken today to place the energy transition on a more ro-
bust path from the start. 

Future work will define early-stage decisions as sets 
of alternatives rather than single solutions (entire clusters 
instead of centroids). This would better reflect real-world 
decision-making, where policies often guide the system 
toward general directions rather than fixed technology 
levels. 
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