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Abstract—Benchmarking is essential for the evaluation of
evolutionary multi-objective optimization (EMO) algorithms, yet
benchmarking results are sensitive to experimental settings such
as test problems, compared algorithms, performance indicators,
and their parameter specifications. Recently, large language
models (LLMs) have been increasingly used in EMO research
and academic activities (such as assisting with paper reviews).
As a result, LLMs may influence how benchmarking studies
are conducted, especially for newcomers to the EMO field.
This position paper examines the reliability of benchmarking
suggestions generated by two LLMs by comparing their responses
with those reported in earlier studies at IEEE CEC 2025. Using
the same prompts and experimental settings, we analyze similar-
ities and differences in the suggested algorithms, test problems,
and performance indicators for benchmarking EMO algorithms
between the two LLMs and also between the two years. In
addition, we report benchmarking suggestions from the LLMs
for constrained multi-objective optimization. The observations
indicate that, while many LLM-generated suggestions remain
consistent with widely used benchmarking practices, variations
and inaccuracies are also observed. These findings highlight the
need for careful interpretation of LLM-generated suggestions
and emphasize the importance of benchmarking guidelines when
evaluating EMO algorithms.

Index Terms—Benchmarking; evolutionary multi-objective op-
timization; experimental settings; large language models

I. INTRODUCTION

In the last three decades, a large number of evolutionary
multi-objective optimization (EMO) algorithms have been
proposed in the literature [1]–[3]. When a new EMO algorithm
is introduced, its performance is typically assessed through
empirical comparisons with state-of-the-art EMO algorithms
on multi-objective test problems. However, the reliable eval-
uation of EMO algorithms remains challenging [4]. This is
because we need to evaluate solution sets for multi-objective
test problems, which is inherently more difficult than evaluat-
ing individual solutions for single-objective test problems. In
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addition, the evaluation results depend on various factors, such
as the choice of test problems, compared algorithms, perfor-
mance indicators, and the parameter specifications of both the
indicators and the algorithms. That is, the performance com-
parison results of EMO algorithms depend on the experimental
settings used for benchmarking [4]. In recent years, increasing
attention has been paid to benchmarking methodologies for
EMO algorithms (see, for example, [5], [6]). The objective
of these studies is to establish more rigorous and reliable
evaluation procedures than those commonly used in existing
empirical studies.

Recently, the use of large language models (LLMs) has
become very popular, and they have been used in various
application fields [7], [8]. In the EMO field, the use of
LLMs has been explored in various directions, including
offspring solution creation, variation operator design, use as
optimizers, and EMO algorithm design [9]–[13]. In these
studies, benchmarking EMO algorithms is explicitly or im-
plicitly needed or assumed to evaluate generated offspring
solutions, designed variation operators, and designed EMO
algorithms. One controversial issue with respect to the use
of LLMs is AI review. It seems that LLMs have already
been directly and indirectly used for paper review. Many
reviewers may use LLMs as their helpers for paper reviews
at various levels, from checking the language quality of their
own review comments to searching for state-of-the-art results
in the literature and checking the mathematical correctness
of proofs. One well-known example is AAAI 2026, which
received more than 30,000 submissions and piloted an AI-
assisted review system [14]. Another example is ICML 2026
[15], which adopted a two-policy framework for LLM use in
reviewing: a conservative policy, where LLM use in reviewing
is strictly prohibited, and a permissive policy, where LLMs
may be used to help reviewers understand the paper but not to
generate review suggestions. Each reviewer is asked to declare
which policy they are willing to follow, and the authors of each
paper can indicate which policy they require for the review of



their paper. These examples indicate that the use of LLMs in
the review process is becoming increasingly common. Another
possible avenue is the following. When a newcomer (such as
a student or a young researcher who has just joined the EMO
field) enters the field, it is natural nowadays for them to turn
to LLMs to obtain a quick guide on how to construct reliable
experimental setups. One concern is the reliability of those
suggestions about benchmarking, which is the main topic to
be discussed in this position paper.

At IEEE CEC 2025, Pang and Ishibuchi [16] discussed the
reliability of suggestions from LLMs on benchmarking EMO
algorithms with respect to various issues, including the choice
of EMO algorithms to be compared, parameter specifications
for each EMO algorithm (e.g., population size), performance
indicators, parameter specifications for each indicator (e.g.,
the HV reference point and the IGD reference point sets), and
test problems. Their paper [16] concluded that the sugges-
tions from LLMs were mainly based on historically common
benchmarking settings. Although these settings had been used
in many studies in the literature, they were not necessarily
appropriate. That is, the overall conclusion in [16] was that
LLMs’ suggestions were not satisfactory since some important
findings in recent studies on benchmarking EMO algorithms
were not incorporated. For example, LLMs suggested the
performance evaluation of EMO algorithms on ZDT, DTLZ
and WFG using HV and IGD, but did not suggest more
realistic test problems. LLMs also did not suggest the need
for careful specification of the HV reference point and the
IGD reference point set. It is therefore worth examining the
progress of LLMs over the last year, since the CEC 2025 paper
[16] concluded that LLMs’ suggestions were not satisfactory,
while LLMs have increasingly been utilized for paper reviews
[14].

This paper has two goals. The first is to examine the
progress of LLMs (i.e., changes in LLM suggestions) since
CEC 2025 with respect to the experimental settings used for
benchmarking EMO algorithms. The second is to examine
suggestions from LLMs about the experimental settings for
benchmarking constrained multi-objective optimization.

The organization of this paper is as follows. Section II
reports the progress of LLMs over the past year. Section
III examines the sensitivity of the wording in the prompts
to the responses generated by the LLMs. Section IV reports
benchmarking suggestions by the LLMs for constrained multi-
objective optimization. Section V concludes the paper.

II. ONE YEAR PROGRESS OF LLMS

In order to examine the progress of knowledge embedded in
LLMs over the past year, in this section, we follow the same
experimental settings as in [16]. That is, we use the same
prompts as in [16] to examine the responses of two LLMs
provided by OpenAI and DeepSeek, which were the two LLMs
used in [16]. OpenAI has released its newest flagship model,
called GPT-5.2 [17]. Meanwhile, DeepSeek also released its
newest model in December 2025, called DeepSeek-V3.2 [18].
Thus, we use these two models in this study and compare their

responses with those reported in [16] for the two previous
models, GPT-4o [19] and DeepSeek-V3 [20]. Part of the
prompts is shown in Fig. 1. Each prompt is repeated 10 times
to account for the randomness of the responses given by the
LLMs.

A. General Suggestions

The first prompt requests the two LLMs to provide general
suggestions for benchmarking EMO algorithms. We compare
the responses provided by the two latest LLMs (i.e., GPT-
5.2 and DeepSeek-V3.2) with the responses reported for their
predecessors (i.e., GPT-4o and DeepSeek-V3) in [16]. The
general suggestions about benchmarking EMO algorithms
from the two LLMs appear professional and reasonable, and
are similar to those reported in [16]. The responses gener-
ated by the LLMs are summarized as follows: the LLMs
suggested (i) using diverse test problems by combining syn-
thetic benchmarks with problem-specific or real-world prob-
lems; (ii) using standard performance indicators and avoiding
reliance on a single indicator; (iii) evaluating performance
across increasing numbers of objectives and decision variables;
(iv) performing multiple independent runs and applying non-
parametric statistical tests (e.g., Wilcoxon, Friedman with
post-hoc analysis); (v) reporting reproducibility details by pub-
lishing code, random seeds, parameter settings, and reference
Pareto fronts where applicable; (vi) including Pareto front plots
and convergence curves to aid interpretation; (vii) ensuring fair
experimental settings by comparing algorithms under equal
numbers of function evaluations rather than generations; and
(viii) reporting runtime and robustness, including wall-clock
time, anytime behavior, and sensitivity to parameters.

B. Suggested EMO Algorithms

The second prompt asks the LLMs to suggest the number of
algorithms that should be included in a benchmarking exper-
iment. GPT-5.2 suggested no more than 10 algorithms, with
5 to 10 algorithms being a reasonable choice. DeepSeek-V3.2
provided similar responses, with most responses suggesting
no more than 10 algorithms and some indicating a maximum
of 15 if a comprehensive comparison is needed. Both LLMs
explained that including too many algorithms often reduces
clarity and complicates analysis without providing additional
insight. The responses also suggested including representative
algorithms from the three major EMO algorithm paradigms:
decomposition-based, indicator-based, and Pareto-based algo-
rithms. In general, the suggested number of EMO algorithms
is similar to that reported in [16].

Next, the LLMs were asked to suggest five EMO algorithms
for benchmarking. Table I shows the percentage of times each
algorithm was suggested by the two LLMs. The numbers in
parentheses show the increase (+) or decrease (-) in percentage
relative to [16]. For example, SPEA2 [21] was suggested 7
times among the 10 responses provided by GPT-5.2. Since
the corresponding percentage in [16] was 100%, the decrease
is 30%, and thus 70 (-30) is assigned to SPEA2 for GPT-5.2.



Fig. 1. Part of the prompts used in [16]

TABLE I
PERCENTAGE (%) OF TIMES EACH ALGORITHM WAS SUGGESTED BY

GPT-5.2 AND DEEPSEEK-V3.2 IN RESPONSE TO THE REQUEST FOR FIVE
EMO ALGORITHMS (BASED ON 10 RESPONSES PER MODEL).

Algorithm (Year) GPT-5.2 (%) DeepSeek-V3.2 (%)
NSGA-II (2002) 100 (0) 100 (0)
MOEA/D (2007) 100 (0) 100 (0)
NSGA-III (2014) 100 (0) 100 (0)
SPEA2 (2001) 70 (-30) 70 (-30)
SMS-EMOA (2007) 60 (+60) 100 (+100)
IBEA (2004) 40 (+40) 0 (-40)
RVEA (2016) 30 (-30) 30 (+30)
HypE (2011) 0 (-20) 10 (-50)

Note: The percentages for DeepSeek-V3.2 do not sum to 500% because
one response suggested more than five algorithms using “or.” That is,
one response listed: (1) NSGA-II, (2) MOEA/D, (3) NSGA-III, (4) SMS-
EMOA, and (5) SPEA2 or HypE. In this case, both SPEA2 and HypE are
counted.

Table I shows that NSGA-II [22], MOEA/D [23], and
NSGA-III [24] are always included in the suggestions of
the two LLMs, and that these three algorithms were also
always included in the responses reported in [16]. Meanwhile,
SMS-EMOA [25] (which was not included in the suggestions
reported in [16]) is always suggested by DeepSeek-V3.2. It is
also suggested by GPT-5.2 six times out of the 10 responses.
Table I also shows that, other than NSGA-II, MOEA/D, and
NSGA-III, the percentages of suggestions have changed from
those reported in [16] (e.g., decreases for SPEA2 [21] and
HypE [26], and increases for SMS-EMOA). This may indicate
that the underlying EMO-related knowledge of the two LLMs
has been updated over the past year through the new training
data used for these models. However, the knowledge update
in the two LLMs is not always consistent as shown by the
percentage changes of suggestions for IBEA [27] and RVEA
[28] in Table I.

Table II reports the percentage of times each algorithm was
included in the responses provided by the LLMs when they
were asked to suggest five state-of-the-art EMO algorithms
for benchmarking. The variety of algorithms suggested by
GPT-5.2 as state-of-the-art is smaller than that suggested by
DeepSeek-V3.2. For the algorithms suggested by DeepSeek-
V3.2, we sometimes observed incorrect explanations for some

TABLE II
PERCENTAGE (%) OF TIMES EACH ALGORITHM WAS SUGGESTED BY

GPT-5.2 AND DEEPSEEK-V3.2 IN RESPONSE TO THE REQUEST FOR FIVE
STATE-OF-THE-ART EMO ALGORITHMS (BASED ON 10 RESPONSES PER

MODEL).

Algorithm (Year) GPT-5.2 (%) DeepSeek-V3.2 (%)
NSGA-III (2014) 100 (+20) 100 (0)
RVEA (2016) 100 (0) 100 (+60)
HypE (2011) 100 (+20) 0 (-100)
MOEA/D-DE (2009) 70 (+50) 30 (-40)
SMS-EMOA (2007) 60 (+30) 80 (+50)
MOEA/D (2007) 40 (+40) 10 (+10)
θ-DEA (2016) 30 (+30) 0 (0)
MOEA/DD (2015) 0 (0) 80 (+50)
LMEA (2018) 0 (0) 40 (0)
IM-MOEA (2015) 0 (0) 40 (+40)
AR-MOEA (2018) 0 (0) 20 (-70)
AGE-MOEA (2019) 0 (0) 20 (+20)

Note: The percentages for DeepSeek-V3.2 do not sum to 500% because
some responses suggested more than five algorithms using “or.”

algorithms. For example, IM-MOEA [29], which is an inverse
model-based algorithm, was described as an indicator-based
algorithm that uses IGD/IGD+ approximation for selection
by DeepSeek-V3.2. It can also be observed in Table II that
there are large differences (i.e., increases and decreases in
percentages) from the results reported in [16]. This may
indicate that the knowledge about the state-of-the-art EMO
algorithms in each LLM has been largely updated.

C. Suggested Test Suites

Table III shows the percentage of times each problem suite
was suggested by the two LLMs for benchmarking EMO
algorithms. In general, the suggestions from GPT-5.2 are
largely similar to the results reported in [16], except that
the MaF [30] and CF [31] test suites are included more
frequently. For DeepSeek-V3.2, the real-world problem suite
(i.e., RE [32]) was suggested in 70% of the 10 responses. In
addition, some recently proposed specialized test suites, such
as LSMOP [33] (i.e., a large-scale problem suite) and IMOP
[34] (i.e., problems with irregular Pareto fronts), are included
in the responses. DeepSeek-V3.2 also suggested constrained
benchmark problems, such as C-DTLZ [35] and CTP [36], in



TABLE III
PERCENTAGE (%) OF TIMES EACH PROBLEM SUITE WAS SUGGESTED BY

GPT-5.2 AND DEEPSEEK-V3.2 IN RESPONSE TO THE REQUEST FOR
SUGGESTING TEST SUITES FOR BENCHMARKING (BASED ON 10

RESPONSES PER MODEL).

Test suite (Year) GPT-5.2 (%) DeepSeek-V3.2 (%)
DTLZ (2002) 100 (0) 100 (0)
WFG (2006) 100 (0) 100 (0)
MaF (2017) 100 (+70) 100 (+100)
ZDT (2000) 100 (0) 20 (-80)
UF (2009) 100 (0) 0 (-100)
CF (2009) 100 (+50) 0 (0)
LSMOP (2017) 0 (0) 100 (+100)
CEC competitions 0 (-70) 60 (+60)
RE (2020) 0 (0) 70 (+70)
IMOP (2019) 0 (0) 40 (+40)
C-DTLZ (2014) 0 (0) 30 (+30)
CTP (2001) 0 (0) 30 (+30)

some of the responses. For GPT-5.2, the constrained test suite,
i.e., CF, is also always included in the suggestions, whereas it
was suggested by GPT-4o in [16] in only 50% of the responses.
This may be because constrained multi-objective optimization
has recently become a popular research topic in the EMO field.

The two LLMs were then asked to suggest only one test
suite for benchmarking EMO algorithms. GPT-5.2 always
suggested the DTLZ test suite [37] (consistent with the results
reported in [16]), while DeepSeek-V3.2 always suggested the
MaF test suite, which differs from DeepSeek-V3, for which
the DTLZ test suite was always suggested in [16]. From this
observation (and some other observations in this paper), it
seems that the knowledge of DeepSeek-V3.2 is based on more
recent publications than that of GPT-5.2.

D. Suggested Performance Indicators

Table IV shows the percentage of times each performance
indicator was suggested by GPT-5.2 and DeepSeek-V3.2. It
can be observed that HV [38] is always suggested by both
LLMs, which is consistent with the results reported in [16].
For GPT-5.2, IGD [39], IGD+ [40], R2 [41], ϵ-indicator [42],
and Spread [22] are always included in the responses, whereas
DeepSeek-V3.2 suggests a smaller set of indicators. In par-
ticular, IGD and ϵ-indicator are not suggested by DeepSeek-
V3.2 (i.e., 0% in Table IV), whereas they were included
in all responses reported in [16] (i.e., 100%). Both LLMs
always suggest IGD+, showing a 100% increase in frequency
compared with [16]. Both LLMs also always suggest the use
of multiple indicators. In particular, DeepSeek-V3.2 always
suggests the use of HV and IGD+ as an essential pair to assess
the performance of EMO algorithms.

The two LLMs were then asked to suggest only a single
performance indicator for benchmarking EMO algorithms.
Both LLMs consistently suggested HV as the most appropriate
single performance indicator. Since a reference point is re-
quired for calculating the HV value, the two LLMs were asked
to explain how to specify a reference point for HV calculation.
For GPT-5.2, there were inconsistent explanations of how to
specify the reference point. In some responses, it suggested

TABLE IV
PERCENTAGE (%) OF TIMES EACH PERFORMANCE INDICATOR WAS

SUGGESTED BY GPT-5.2 AND DEEPSEEK-V3.2 IN RESPONSE TO THE
REQUEST FOR SUGGESTING PERFORMANCE INDICATORS FOR

BENCHMARKING (BASED ON 10 RESPONSES PER MODEL).

Performance indicator GPT-5.2 (%) DeepSeek-V3.2 (%)
HV 100 (0) 100 (0)
IGD 100 (0) 0 (-100)
IGD+ 100 (+100) 100 (+100)
R2 100 (+90) 0 (0)
ϵ-indicator 100 (+10) 0 (-100)
Spread 100 (+70) 100 (0)
Spacing 80 (0) 50 (+10)
Runtime 0 (-50) 30 (+30)
Number of FE 0 (0) 30 (+30)
GD 0 (-30) 10 (-50)

using a fixed, problem-dependent reference point. However,
in some other responses, it suggested using a fixed, problem-
independent reference point. In any case, GPT-5.2 typically
suggested a point slightly worse than the nadir point of the
true (or approximated) Pareto front. For DeepSeek-V3.2, the
suggestion was to use a point slightly worse than the observed
nadir point across all algorithm runs on a problem, although
a slightly different procedure was explained in each of the 10
responses.

Next, the two LLMs were asked to suggest how to specify
the reference point for HV calculation in a normalized objec-
tive space for two-, three-, five-, and ten-objective problems.
For GPT-5.2, it explained that the general rule is to specify
the reference point r = (1 + ϵ, 1 + ϵ, . . . , 1 + ϵ), where
ϵ ∈ [0.05, 0.2]. It also noted that the population size does not
affect the choice of the reference point. The recommended
reference point was always (1.1, . . . , 1.1) for three-objective,
five-objective, and ten-objective problems. For two-objective
problems, GPT-5.2 recommended (1.1, 1.1) in three responses
and suggested r = (1 + ϵ, . . . , 1 + ϵ) with ϵ ∈ [0.05, 0.2]
in the remaining responses, with common choices including
(1.05, 1.05), (1.1, 1.1), and (1.2, 1.2).

For DeepSeek-V3.2, it always suggested (1.1, . . . , 1.1) as
the reference point for two-objective and three-objective prob-
lems. For five-objective problems, (1.1, . . . , 1.1) was sug-
gested in seven responses, while (1.2, . . . , 1.2) was suggested
in three responses. As the number of objectives increases,
DeepSeek-V3.2 explained that the reference point must be far
enough to overcome the “curse of dimensionality” and ensure
that the HV indicator remains sensitive to improvements in
both convergence and spread. Accordingly, for ten-objective
problems, (1.5, . . . , 1.5) was suggested in two responses and
(2.0, . . . , 2.0) was suggested in eight responses. As explained
in [43], an appropriate specification of the reference point
mainly depends on the population size and the number of
objectives. The suggested specification of the reference point
r = (r, r, . . . , r) for the typical population size settings is as
follows: r = 1.01 (m = 2), 1.08 (m = 3), 1.25 (m = 5),
1.33 (m = 10). It seems that DeepSeek-V3.2 understands
the necessity of using a larger (i.e., worse) reference point in



a higher-dimensional objective space (whereas GPT-5.2 does
not).

III. “EMO ALGORITHMS” OR “MOEAS”

In the literature, both “EMO algorithms” and “multi-
objective evolutionary algorithms (MOEAs)” have been used
to refer to evolutionary algorithms for multi-objective opti-
mization. In general, these two terms are used interchange-
ably, and it is easy to understand that these two terms
refer to the same concept. On Google Scholar, searching for
“EMO algorithms” returns far fewer results than searching
for “MOEAs.” Since the output of LLMs usually depends on
the prompt quality, one question is whether changing “EMO
algorithms” in the prompts used in [16] to “multi-objective
evolutionary algorithms (MOEAs)” would have any effect on
the benchmarking suggestions provided by the LLMs.

To answer this question, we modify the prompt by changing
“EMO algorithms” to “multi-objective evolutionary algorithms
(MOEAs),” while all other parts of the prompt remain the same
as those shown in Fig. 1. Due to space limitations, the tables
in this section use “EMOAs” to denote EMO algorithms.

Table V and Table VI show the percentage of times each
algorithm was suggested by GPT-5.2 and DeepSeek-V3.2
in response to the requests for “five state-of-the-art EMO
algorithms” and “five state-of-the-art MOEAs,” respectively.
For GPT-5.2 (see Table V), it seems that with this slight change
in the prompt, the responses obtained are quite similar. For
example, NSGA-III [24] and RVEA [28] are always included
in the suggestions regardless of the choice between “EMOAs”
and “MOEAs”. We also observed some minor variations in the
responses generated by GPT-5.2, such as θ-DEA [44] being
suggested as a state-of-the-art algorithm more frequently when
“MOEAs” is used in the prompt (30% as EMOAs vs. 60%
as MOEAs), whereas MOEA/D-DE [45] is suggested less
frequently (70% as EMOAs vs. 40% as MOEAs).

TABLE V
PERCENTAGE (%) OF TIMES EACH ALGORITHM WAS SUGGESTED BY

GPT-5.2 IN RESPONSE TO THE REQUEST FOR ”FIVE-STATE-OF-THE-ART
EMO ALGORITHMS” AND “FIVE STATE-OF-THE-ART MOEAS” (BASED ON

10 RESPONSES PER MODEL).

Algorithm (Year) EMOAs (%) MOEAs (%)
NSGA-III (2014) 100 100
RVEA (2016) 100 100
HyPE (2011) 100 90
θ-DEA (2016) 30 60
MOEA/D (2007) 40 50
MOEA/D-DE (2009) 70 40
SMS-EMOA (2007) 60 30
SPEA2+SDE (2014) 0 20
MOEA/D-STM (2014) 0 10

For DeepSeek-V3.2 (see Table VI), we observed a larger
variation in the generated responses when “MOEAs” was used
in the prompt. The generated responses included more than
20 algorithms across the 10 responses. Table VI presents only
the algorithms that appeared more frequently in the responses.
From Table VI, we can see that none of the algorithms were

TABLE VI
PERCENTAGE (%) OF TIMES EACH ALGORITHM WAS SUGGESTED BY

DEEPSEEK-V3.2 IN RESPONSE TO THE REQUEST FOR
”FIVE-STATE-OF-THE-ART EMO ALGORITHMS” AND ”FIVE

STATE-OF-THE-ART MOEAS” (BASED ON 10 RESPONSES PER MODEL).

Algorithm (Year) EMOAs (%) MOEAs (%)
NSGA-III (2014) 100 60
RVEA (2016) 100 10
HypE (2011) 0 20
MOEA/DD (2015) 80 70
SMS-EMOA (2007) 80 0
LMEA (2018) 40 60
IM-MOEA (2015) 40 30
AR-MOEA (2018) 20 60
AGE-MOEA (2019) 20 20
DGEA (2022) 0 30

TABLE VII
PERCENTAGE (%) OF TIMES EACH PROBLEM SUITE WAS SUGGESTED WAS

SUGGESTED BY GPT-5.2 IN RESPONSE TO THE REQUEST FOR
SUGGESTING TEST SUITES FOR BENCHMARKING ”EMO ALGORITHMS”

AND ”MOEAS” (BASED ON 10 RESPONSES PER MODEL).

Test suite (Year) EMOAs (%) MOEAs (%)
ZDT (2000) 100 100
DTLZ (2002) 100 100
WFG (2006) 100 100
MaF (2017) 100 100
UF (2009) 100 0
CF (2009) 100 0
Real-world benchmarks 0 60
CEC MO test suites 0 40

always included in the responses when “MOEAs” was used
in the prompt, which is different from the responses obtained
when using “EMO algorithms” in the prompt. For example,
NSGA-III was always suggested by DeepSeek-V3.2 when
“EMO algorithms” was used in the prompt, while it was
included in only 60% of the responses when “MOEAs” was
used. Similarly, RVEA was suggested only once among the 10
responses when “MOEAs” was used, whereas it was always
suggested when “EMO algorithms” was used in the prompt.
The results in Table VI show the sensitivity of DeepSeek-V3.2
to the wording used in the prompt for benchmarking EMO
algorithms.

The sensitivity to the wording is also observed in Table VII

TABLE VIII
PERCENTAGE (%) OF TIMES EACH PROBLEM SUITE WAS SUGGESTED WAS

SUGGESTED BY DEEPSEEK-V3.2 IN RESPONSE TO THE REQUEST FOR
SUGGESTING TEST SUITES FOR BENCHMARKING ”EMO ALGORITHMS”

AND ”MOEAS” (BASED ON 10 RESPONSES PER MODEL).

Test suite (Year) EMOAs (%) MOEAs (%)
DTLZ (2002) 100 100
WFG (2006) 100 100
MaF (2017) 100 70
LSMOP (2017) 100 0
REAL / RE (2020) 70 10
CEC competitions 60 100
IMOP (2019) 40 80
ZDT (2000) 20 60
LZ (2009) 0 30



Fig. 2. Prompts used to ask the LLMs for benchmarking suggestions in constrained multi-objective optimization

and Table VIII regarding test suite suggestions for bench-
marking. For example, in Table VII, GPT-5.2 suggests “Real-
world benchmarks” only for MOEAs (60%). Interestingly,
in Table VIII, DeepSeek-V3.2 suggests “REAL / RE” for
MOEAs with only 10% frequency, whereas it is suggested
for EMOAs more frequently (70%). That is, the necessity of
benchmarking based on real-world problems is suggested by
GPT-5.2 only for MOEAs and by DeepSeek-V3.2 only for
EMOAs. In Table VII, “UF” and “CF” are suggested only
when “EMOAs” is used (100%). In Table VIII, “LSMOP”
is suggested only when “EMOAs” is used (100%). Overall,
these results further suggest that LLM-generated benchmark-
ing suggestions are sensitive to prompt wording, even when the
underlying meaning of the prompt remains largely unchanged.

IV. SUGGESTIONS BY LLMS FOR CONSTRAINED
MULTI-OBJECTIVE OPTIMIZATION

Constrained multi-objective optimization has recently be-
come a popular topic in the EMO field, and it has been noted
that some studies, such as [10], [13], have used LLMs for
constrained multi-objective optimization. In this section, we
further examine the implicit knowledge of the two LLMs
about constrained multi-objective optimization. We use the five
prompts shown in Fig. 2 to ask the LLMs for suggestions on
representative constrained multi-objective evolutionary algo-
rithms (CMOEAs), test suites, and performance indicators for
benchmarking CMOEAs. We use “constrained multi-objective
evolutionary algorithms (CMOEAs)” instead of “constrained
EMO algorithms” in the prompts because “CMOEAs” appears
to be more commonly used in the field, according to Google
Scholar search results (“CMOEAs”: 554 results, “Constrained
EMO algorithms”: 13 results; accessed on April 14, 2026).

Table IX shows the percentage of times each algorithm
was suggested by the two LLMs across the 10 responses.
GPT-5.2 suggested NSGA-II-CDP [22] (i.e., NSGA-II with
the constraint-domination principle) in 100% of the responses,
while DeepSeek-V3.2 suggested it in 70% of the responses. It
should be noted that NSGA-II-CDP is sometimes referred to
as C-NSGA-II in some of the responses. In general, it can be
seen that GPT-5.2 and DeepSeek-V3.2 have clearly different

knowledge regarding the suggested CMOEAs. For example, C-
TAEA [46] is suggested in 90% of the responses by DeepSeek-
V3.2, whereas it is suggested in only 10% of the responses
by GPT-5.2.

TABLE IX
PERCENTAGE (%) OF TIMES EACH ALGORITHM WAS SUGGESTED BY

GPT-5.2 AND DEEPSEEK-V3.2 IN RESPONSE TO THE REQUEST FOR FIVE
REPRESENTATIVE CMOEAS ALGORITHMS (BASED ON 10 RESPONSES PER

MODEL).

Algorithm (Year) GPT-5.2 (%) DeepSeek-V3.2 (%)
NSGA-II-CDP (2002) 100 70
CCMO (2021) 60 0
MOEA/D-IEpsilon (2016) 60 0
C-NSGA-III (2014) 60 30
MOEA/D-CDP 50 10
C-MOEA/D 50 80
CMOEA-MS (2022) 40 40
ϵ-MOEA 40 0
ToP (2019) 20 70
C-TAEA (2018) 10 90
C-MOEA/DD (2015) 0 30
PPS (2019) 0 30

Note: In the responses generated by GPT-5.2, ϵ-MOEA refers to MOEAs that
use ϵ-constraint handling to balance feasibility and optimality. Since the specific
algorithm is unclear, no proposed year is included. Similarly, C-MOEA/D denotes
MOEA/D with constraint handling, and MOEA/D-CDP denotes MOEA/D with
the Constraint Dominance Principle; because the specific variants are unspecified,
no proposed years are included.

Table X shows the percentage of times each test suite was
suggested by the two LLMs across the 10 responses. Both
GPT-5.2 and DeepSeek-V3.2 suggested the CF and C-DTLZ
test suites in 100% of their responses. DeepSeek-V3.2 always
suggested DOC [47], whereas GPT-5.2 did not suggest it. CTP
[36] and DAS-CMOP [48] were suggested in 70% and 60% of
the responses by GPT-5.2 whereas they were not suggested by
DeepSeek-V3.2. When the two LLMs were asked to suggest
only one test suite, the CF test suite was suggested in 90%
of the responses by GPT-5.2, while the DAS-CMOP test suite
[48] was suggested in 10% of the responses. For DeepSeek-
V3.2, the CF test suite was suggested in 70% of the responses,
and the MW test suite was suggested in 30% of the responses.
These results show clear variation in the suggested test suites
between the two LLMs.



TABLE X
PERCENTAGE (%) OF TIMES EACH PROBLEM SUITE WAS SUGGESTED BY

GPT-5.2 AND DEEPSEEK-V3.2 IN RESPONSE TO THE REQUEST FOR
SUGGESTING TEST SUITES FOR BENCHMARKING CMOEAS (BASED ON 10

RESPONSES PER MODEL).

Test suite (Year) GPT-5.2 (%) DeepSeek-V3.2 (%)
CF (2009) 100 100
C-DTLZ (2014) 100 100
DC-DTLZ (2018) 100 20
CTP (2001) 70 0
LIR-CMOP (2019) 60 90
DAS-CMOP (2020) 60 0
Real-World Problems/RE 50 10
MW (2019) 40 100
CEC CMOPs 10 10
DOC (2019) 0 100

TABLE XI
PERCENTAGE (%) OF TIMES EACH PERFORMANCE INDICATOR WAS

SUGGESTED BY GPT-5.2 AND DEEPSEEK-V3.2 IN RESPONSE TO THE
REQUEST FOR SUGGESTING PERFORMANCE INDICATORS FOR

BENCHMARKING CMOEAS (BASED ON 10 RESPONSES PER MODEL).

Performance indicator GPT-5.2 (%) DeepSeek-V3.2 (%)
HV 100 100
IGD 100 100
IGD+ 100 30
Feasible ratio (FR) 100 100
Constraint Violation (CV) 100 0
ϵ-indicator 40 0
Spacing 60 10
Spread 60 10
MIGD 0 20

Table XI shows the percentage of times each performance
indicator was suggested by the two LLMs across the 10
responses. HV, IGD, and the feasible ratio (FR) were always
suggested by both LLMs. One clear difference between the
responses generated by GPT-5.2 and DeepSeek-V3.2 is that
overall constraint violation (CV) was suggested only by GPT-
5.2 (100% vs. 0%). IGD+ was also suggested more frequently
by GPT-5.2 than by DeepSeek-V3.2, whereas it was always
suggested by both LLMs for EMO algorithms in Table IV. It is
also observed that the MIGD indicator (which is a frequently
used indicator for evaluating dynamic MOEAs) was suggested
in 20% of the responses by DeepSeek-V3.2. This observation
suggests that DeepSeek-V3.2 may not clearly distinguish
between performance indicators for dynamic multi-objective
optimization and those for constrained multi-objective opti-
mization in some responses. While differences were observed
between the responses generated by the two LLMs, both
emphasized that performance indicators should be applied to
feasible solutions.

Finally, the two LLMs were asked to suggest only a single
performance indicator for benchmarking CMOEAs. GPT-5.2
consistently suggested using HV computed only on feasible
solutions. DeepSeek-V3.2 suggested using HV or IGD, with
the feasibility of the solutions taken into account. The ex-
planations generated by DeepSeek-V3.2 in some responses
appear somewhat questionable. For example, the following
explanation was generated by DeepSeek-V3.2:

Feasibility-Ratio-Adjusted IGD (IFR-IGD) is the most recom-
mended single indicator. It directly multiplies the Inverted Gen-
erational Distance (convergence/diversity) by the Feasibility
Ratio, punishing algorithms that fail to satisfy constraints.

V. CONCLUDING REMARKS

This position paper examined the benchmarking suggestions
provided by two recent LLMs (GPT-5.2 and DeepSeek-V3.2)
for evolutionary multi-objective optimization (EMO) algo-
rithms by using the same prompts and experimental settings
as in the CEC 2025 paper [16]. In addition, the suggestions
provided by the two LLMs for benchmarking constrained
multi-objective evolutionary algorithms (CMOEAs) were also
reported. The results showed that many suggestions from the
two LLMs are consistent with commonly used benchmarking
practices, such as the frequent recommendation of widely used
EMO algorithms, test suites, and performance indicators. At
the same time, differences in the generated suggestions were
observed between the two LLMs and between the two versions
of the same LLM, particularly in the selection of state-of-the-
art algorithms and test suites.

The results also indicated that LLM-generated benchmark-
ing suggestions are sensitive to the wording used in the
prompts, even when only minor terminology changes are in-
troduced (i.e., EMO algorithms and MOEAs). Some inconsis-
tencies and inaccuracies were also observed in the detailed ex-
planations, suggesting potential limitations of LLM-generated
guidance. These observations imply that, while LLMs may
provide convenient general information for benchmarking
EMO algorithms, their suggestions should be interpreted care-
fully and supplemented with domain knowledge. At the same
time, our results also show that the suggestions have clearly
improved over the last year (e.g., a 100% increase in IGD+

in the responses from both LLMs, 70% and 100% increases
in MaF in the responses from GPT-5.2 and DeepSeek-V3.2,
respectively, and a 70% increase in RE in the responses from
DeepSeek-V3.2). This observation suggests that LLMs may
become more reliable as more reliable training data become
available, since their responses are largely consistent with the
most frequently-used practices in the literature. That is, the
reliability of LLM-generated benchmarking suggestions may
be improved by establishing good benchmarking practices in
the EMO community.
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