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Abstract

Deploying Large Language Model-based agents (LLM agents) in the public sector
requires assuring that they meet the stringent legal, procedural, and structural
requirements of public-sector institutions. Practitioners and researchers often
turn to benchmarks for such assessments. However, it remains unclear what
criteria benchmarks must meet to ensure they adequately reflect public-sector
requirements, or how many existing benchmarks do so. In this paper, we first
define such criteria based on a first-principles survey of public administration
literature: benchmarks must be process-based, realistic, public-sector-specific and
report metrics that reflect the unique requirements of the public sector. We analyse
more than 1,300 benchmark papers for these criteria using an expert-validated
LLM-assisted pipeline. Our results show that no single benchmark meets all of the
criteria. Our findings provide a call to action for both researchers to develop public
sector-relevant benchmarks and for public-sector officials to apply these criteria
when evaluating their own agentic use cases.

1 Introduction

In liberal democracies, public-sector organisations (PSOs) are expected to be neutral, efficient, unbi-
ased entities faithfully enacting democratically negotiated laws [7]. To ensure this, most jurisdictions
place stringent requirements upon them: process legitimacy, political neutrality, transparency, and
impersonality, to name a few [see, e.g., 32, 82]. Breaches of these requirements can significantly
undermine citizen trust in government [49]; where breaches become systematic or intentional, they
may cause shifts in the “narrow corridor” balance between state and societal power [2], threatening
democratic stability.

The introduction of Large Language Model-based Agents (LLM Agents) in public-sector institutions
poses an unprecedented threat to these requirements. The promise (and peril) of LLM agents is their
capability to accomplish more complex tasks with less oversight [44]. For instance, LLM Agents
could improve efficiency by assisting with compliance [96] or compiling evidence for complex policy
documents [60]. In both scenarios, LLM agents inherently make discretionary micro-decisions on
which information to include and how to present it, which threatens the legitimacy and autonomy of
the system [72]. In the long term, this discretion risks shifting power from human decision makers
to unsteerable, opaque systems [16]. Adapting these systems responsibly in public-sector contexts,
therefore, requires robust guarantees that the resulting sociotechnical construct continues to comply
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with these uniquely strict requirements [52]. Such guarantees are enabled by reliable measurement of
LLM agents’ capabilities and risks [73].

The primary technical means for evaluation of model capabilities is benchmarking.! Benchmarks are
sets of tasks used to evaluate Al systems. While much machine learning research is structured around
developing systems that perform well on the most popular benchmarks [87], it is increasingly debated
whether they provide much information of real-world use [36]. Many benchmarks measure abstract
capabilities on artificial tasks detached from the real-world contexts they aim to emulate [66, 10].
This creates a benchmark-deployment validity gap of an unknown size, which makes it difficult for
practitioners across fields to make informed decisions. Public-sector deployments contend with a
particularly severe form of this problem: it is unclear whether any given benchmark provides useful
information, let alone certainty, on the conformity of an agentic system to public-sector requirements.

Statement of Contributions: In this work, we build the foundation for bridging this gap. We do so
by combining the literature on digitalisation and bureaucracy [e.g., 13] with theories of socio-technical
evaluations of Al systems [74, 84]. This disconnect between current benchmarking practices and
public-sector needs motivates our investigation into what constitutes appropriate evaluation for this
domain.

To this end, we ask:

1. What criteria must a benchmark meet to guide safe and responsible adoption of LLM agents
in the public sector?
2. To what extent do current benchmarks for LLM agents meet these criteria?

To answer the first question, we survey public administration literature to compile a list of oper-
ationalisable criteria against which to evaluate benchmarks (see § 3). We arrive at the following
list: Benchmarks should be task-centric; based on realistic tasks and data; concerned with public
sector-relevant tasks; and report relevant metrics including measures of cost and fairness.

Based on these theory-grounded criteria, we systematically analyse 1304 agentic LLM benchmark
papers using a validated LLM-assisted pipeline (see § 4). We show that no existing benchmark meets
all criteria, with the biggest gaps existing for public-sector relevance and more comprehensive metrics
(§ 5). We suggest ways forward both for the technical design of public-sector agent benchmarks and
the holistic sociotechnical evaluation of agent deployment in PSOs.

2 Background

2.1 Agentic Large Language Models

Defining LLLM Agents: Kasirzadeh and Gabriel [44] characterise Al agents as “systems that
have the ability to perform increasingly complex and impactful goal-directed action across multiple
domains, with limited external control”. Their framework for understanding agentic LLMs consists
of four key dimensions: autonomy, efficacy, goal complexity, and generality:

First, autonomy can be understood as the capacity to perform actions without external direction or
control [44], with the key characteristic that they can “take multiple consequential actions in rapid
succession [...] before a human notices” [15] without “requiring step-by-step guidance” [44]. Second,
efficacy refers to an agent’s ability to directly interact with its environment [44]. Particularly the
“access to external tools or services” [15] and “the ability to remove humans from the loop” define
agentic systems. Third, goal complexity represents agents’ ability to form and pursue increasingly
sophisticated goals, decomposing complex objectives into subgoals, and reliably adapt, plan, and
execute over long time-horizons [44, 16, 15]. Finally, generality refers to an Al agent’s ability
to operate effectively across different roles, contexts, cognitive tasks, or “economically valuable
tasks” [15], ranging between “highly specialised Al agents that are focused on specific tasks to
general-purpose agents that can shift between different domains” [44].

AI Agents and the Public Sector: Public-sector tasks generally exhibit several features that make
them amenable to automation: (a) clear documentation, (b) consistent structure, and (c) repetition
[73, 13]. Previous scholarship has demonstrated the successes of LLM Agents on such narrowly

'Benchmarking is a component of larger oversight procedures; see Mokander et al. [59], Schmitz et al. [73].
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defined and clearly documented tasks, like office management [34], manual healthcare delivery [94],
and software development [41]. However, what ‘success’ means in the context of each paper is often
poorly defined. We return to this question in § 3.2.

Beyond narrow tasks, agents can act as interfaces and co-pilots. For instance, Yun et al. [93] argue
that agents can help explain complex policies to citizens, and Zhu et al. [96, from Meta] argue that
LLM agents can assist with compliance. Again, whether these would work in practice requires strong
benchmarks. We return to this in the next section.

2.2 Benchmarking

Benchmarks are commonly defined as standardised collections of datasets (representing tasks or
abilities) with scoring metrics [representing performance on the task or ability; 66, 67]. Such
benchmarks create a shared framework to compare different methods and measure progress. As such,
benchmarks form the backbone of LLM evaluations.

By operationalising an abstract capability (the phenomenon) into concrete problems and performance
measures, benchmarks provide objective comparisons across architectures and training regimes
[10, 5]. Crucially, a benchmark’s construct validity — the degree to which it truly measures the
intended phenomenon — determines whether high performance genuinely reflects a system’s mastery
of the underlying ability [5]. For public-sector applications, where decisions may affect citizens’
rights and welfare, trusting benchmark scores without ensuring validity can evidently be dangerous
[66].

Drawing on psychometric principles, Bean et al. [5] identify several essential features of a good
benchmark:

v' Clear phenomenon definition: Benchmarks must precisely define the targeted capability,
whether “multi-step reasoning”, “compliance checking”, or “policy summarisation”, and,
when relevant, decompose it into sub-skills.

v Representative tasks: Task sets should sample from realistic, domain-relevant scenarios
(e.g., authentic case documents or citizen queries), rather than rely solely on contrived or
synthetic examples.

v Appropriate metrics: Benchmarks should go beyond top-line measures like accuracy. We
will discuss this in § 3.2.

v Rigorous methodology: Robust statistical analyses, confidence intervals, significance
tests, and contamination checks guard against overfitting to familiar data and ensure that
improvements are meaningful rather than noise.

Unfortunately, many widely used benchmarks exhibit gaps. Synthetic or toy tasks are common,
with nearly half of recent benchmarks augmenting small real-world cores with large volumes of
LLM-generated examples, which risks inflated scores based on artefactual regularities [5]. Limited
ecological validity is another issue, as only about 30% of benchmarks include evaluations in realistic
simulators or field-like conditions, meaning that models may fail when confronted with the messiness
of real public-sector workflows [53]. Narrow metrics further constrain interpretability, since over
80 % of benchmarks report only exact-match accuracy, omitting cost and other metrics critical for
governmental use cases [43]. Finally, sparse statistical rigour undermines reliability, with fewer
than 20% of studies conducting statistical tests of differences, making it difficult to determine whether
reported gains reflect genuine improvement or random fluctuation [55].

For public institutions, these deficiencies translate into deployment risk: an agent that “succeeds” on
a simplistic benchmark may flounder when processing ambiguous citizen correspondence, exhibit
brittleness to phrasing variations, or disproportionately disadvantage vulnerable groups. To mitigate
these risks, future benchmarks for LLM-based agents in public-sector contexts should adhere to the
construct-validity framework, including defining phenomena precisely, sampling tasks representa-
tively, reporting multi-dimensional metrics, and applying rigorous statistical methods [5, 87]. Only
by “measuring what matters” can policymakers gain the clear-eyed insights needed to deploy LLM
agents responsibly in service of the public good.

What explains the disconnect between public-sector requirements and benchmarking practice? We
hypothesise that it is owed to the design of these benchmarks, which is often driven by technical
“paths of least resistance”, conventions in computer science, and data availability, rather than their
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Figure 1: Overview of process for formulation of public sector-relevant agent benchmark criteria.

usefulness for real-world applications [87]. Benchmarks provide static measurements of the capacity
of models to perform certain tasks that neither meaningfully advance nor test these hypotheses
relevant to real-world use [36].

3 Criteria for a Good Public-Sector Benchmark

In this section, we concretise the notion of a “good” public-sector agent benchmark in the form of six
criteria. As established above, the increasing benchmark-deployment validity gap is casting attention
on the ecological validity, or real-world representativeness, of LLM and agent benchmarks. While the
problems with existing benchmarks are well-mapped [27], there are few concrete characterisations of
benchmarks that remedy these issues. As a result, the usefulness of benchmarks for tasks beyond
progress measurement, such as for industry practitioners deciding on models, is often limited [36].

Accordingly, this section moves in the other direction. It derives a set of criteria for a “good" public-
sector agent benchmark from theoretical work across public administration, theories of automation,
and technical benchmarking literature. As posed in RQ1, we aim to find criteria that make benchmarks
theoretically and practically meaningful for the public sector. In describing these ideal-type criteria,
we do not consider the effort required or even the technical feasibility of such a benchmark.

Public-admininstration theories, which are often descriptive or even normative, should not be treated
as blueprints to be reproduced or as claims to be empirically validated through benchmarking. Rather,
their use in this exercise is that they produce intermediate abstractions which plausibly generalize
across public-sector contexts. Our objective is to make use of these abstractions to strengthen the
context-specific construct validity of agent benchmarks. As such, we do not aim to set an upper
bound on benchmark quality — which is likely to remain case- and deployment-specific — but to raise
the floor of what qualifies as informative benchmarks in a public-sector context.

To select relevant social scientific theories, we adopted a purposeful sampling approach [63], selecting
for theories that are (i) well-established and notable, (ii) salient in research on public-sector Al use, and
(iii) robust and distinct. This resulted in a list of seven theoretical lenses, which we synthesised into
six benchmark criteria, grouped into two categories: requirements for the structure of a benchmark,
and requirements for the quantitative metrics the benchmark reports. The process is summarised in
Fig. 1 and detailed in the appendix, and the remainder of this section introduces and justifies these
criteria.
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3.1 Benchmark Construction

Task-based Model: The most obvious link between the studied theories is the conceptual de-
construction of organisations, systems, and processes into their constituent fasks. Tasks are often
defined as “the smallest unit of activity with a meaningful outcome” [e.g., by the widely-used O*NET
database; 21]. In automation theory, for example, Acemoglu and Autor [1] describe tasks as the
“fundamental unit of work”. Bovens and Zouridis [9] describe the incremental task-level digitisation
of public-sector processes as the vector by which the transition to screen- and system-level bureau-
cracy occurs, e.g., the entry of forms by public officials. The digital-era governance framework rests
deeply on modularity, both for its “do once” design principle and the end-to-end digitalisation of
processes [24]. Rogers et al. [69] does not introduce a task-based lens to the diffusion of innovations,
but does refer to this same modularity as an enabler of the iterative processes of innovation and
organisation adaption that enable diffusion. Literature on artificial discretion and decision-making
in PSOs frequently isolates discretionary and administrative tasks [92, 75]. Practical work applying
these theories to Al including in the public sector, also makes use of this decomposition [77, 37, 31].

The value of these theories is in the re-aggregation of these tasks into superstructures. Acemoglu and
Autor [1] aggregate tasks into jobs to enable task-based measurement of automation exposure. Both
the concepts of screen- and system-level bureaucracy [9] and digital-era governance [23] aggregate
tasks into processes. This enables (i) the introduction of dependence relationships between tasks,
where the outputs of one task are required for subsequent ones, and (ii) the modular reuse and
integration of tasks and their outputs across workflows.

A good benchmark should therefore:

 Evaluate a model or system on individually meaningful tasks or units.
» Aggregate these tasks into structures, such as processes, which create dependence relation-
ships between them.

An example of a good process-based paper is AutoPenBench [30], which studies penetration testing
through five well-defined, interconnected stages from discovery through to flag capturing.

Realistic Tasks: Each studied theory presupposes, frequently implicitly, that its composite tasks are
actual pieces of work that are performed in its respective context. Variations of this requirement are
readily apparent: diffusion of innovations [69] defines an innovation’s relative advantage as its ability
to fulfil real-world needs; automation theory requires tasks to be value-producing [1]; literature on
Al adoption and government by algorithm categorizes Al use cases in terms of concrete previously
human-performed tasks [26, 19, 61].

As several sources show, this assumption is frequently broken by benchmarks which, for example,
use machine-generated or isolated questions, mock or simplify environments, or ignore real-life
contextual complexity [36, 74].

Beyond the realism of individual tasks, studied theories presuppose that the collective of all tasks
is itself a realistic representation of the unit being studied, such as an occupation or a process.
Two variations of this emerge. First, the distribution of tasks being studied must reflect the real-
life distribution of tasks. For example, work on algorithmic discretion frequently highlights that
discretionary decision-making itself requires only a small fraction of a public servant’s time, compared
to administrative and coordinative tasks [13]. Second, the totality of tasks must indeed constitute the
entire aggregate unit — with, e.g. no coordinative, translational, or administrative steps skipped in
the reconstruction. This is prominent in literature reviewing past failures of algorithmic governance,
such as the Dutch benefits or Michigan MIDAS cases, which frequently point to an overemphasis on
the decision-making steps of processes over the preparatory and subsequent ones [64, 25].

A good benchmark should therefore:

* Ensure the internal realism of each evaluated task, such as the context, tools, required output,
and constraints.

* Ensure the totality of tasks tested captures the entirety of the phenomenon being evaluated
in a representative distribution.

A good example of a realistic benchmark is Chen et al. [18], which studies end-to-end scientific data
analysis. It includes real, expert validated tasks.
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Public Sector-Specific Tasks: The studied theories reflect the unique conditions of PSOs, which
are overwhelmingly Weberian bureaucracies [28]. Though PSOs can be structurally similar to
organisations in the private sector and perform comparable tasks [65], they work under exceptionally
strict requirements of process justice and documentation [32] upheld, for example, by strong traditions
of administrative law encoding public values [12]. These constraints can produce a meaningfully
different “jagged frontier” of Al performance [20], even though the well-documented processes
and strong regularization may in theory create more favourable conditions for agentic automation
and oversight [73]. As such, the complex interactions between system-level rules and street-level
bureaucracy create unique conditions which require explicit study [51, 3].

A good benchmark should therefore measure performance on tasks that either specifically occur in
the public sector, or underlie the same requirements. A good example is AgentsCourt [38], which
measures judicial decision-making.

3.2 Reporting relevant metrics

Useful benchmarks require useful metrics. Metrics define what agents are evaluated on [5]. While
all benchmarks report at least one top-level performance metric (e.g., ‘Success rate’ or ‘Accuracy’),
this is insufficient for making decisions about whether to implement an agent to solve a specific task
[54]. All public-sector applications must meet statutory requirements set by the law [83] as well as
expectations from citizens and politicians [32]. As a minimum to meet these requirements, we argue
that PSO-relevant benchmarks must also report sector-relevant metrics of the following: Cost and
Fairness. We argue for these below:

Cost: The first additional metric to define is how expensive an agent system is to run, i.e., the cost.
As shown by Kapoor et al. [43], the cost of different agent systems can differ by orders of magnitude.
The cost of an agent system has two components: 1) the cost per token, and 2) the number of tokens
required per task. The cost per token principally depends on the size of the underlying LLM [70].
Crucially, this represents a trade-off: larger models are often more capable and can thus solve a given
task in fewer tokens [89]. This trade-off can be analysed by showing the Pareto curve of cost versus
performance.

Cost is an essential component for public-sector decision-making, since it directly informs whether
the agent system would even be an economically viable option for a given task [independent of
considerations of accountability or legitimacy; cf. 72].

Fairness: Another metric type — which is much more challenging to define — is fairness [83]. At
its core, fairness in Al systems is about ensuring that different groups (e.g., people with different
genders, ages, or ethnicities) are treated fairly. Of course, this definition strongly depends on how
we define ‘fairly’, which is a question that has puzzled philosophers for centuries [8]. The concrete
definition of fairness depends on the context of not just the Al system, but the socio-technical system
in which it is embedded [74]. Sometimes, fairness should be operationalised as equal performance
between different groups [e.g., in the case of resume classification; 35], whereas in other scenarios
it is more important the Al system achieves some threshold of performance for all groups [e.g., in
medical diagnostics; 58]. See Mitchell et al. [56] for an overview of fairness metrics.

Regardless of the thorniness of its definition, measuring fairness is essential for public-sector sys-
tems. Fairness and accountability are fundamental values across many public sectors [42, 81]. All
applications will have context-specific statutory requirements and norms, where fairness metrics play
an important role in human evaluation [83]. Having a norm of reporting context-specific fairness
metrics is a necessary step for moving towards organisational accountability [57]. While it is beyond
the scope of this paper to evaluate if benchmarks use appropriate fairness metrics given the ethical
and legal context, we will evaluate whether benchmarks use fairness metrics.

An example of a paper measuring fairness is MAPS [39], which reports agent performance across 11
different languages, which enables analysis of disparities and challenges.

Other metrics: Fairness and cost are not the only relevant additional metrics to report. For
instance, Kapoor et al. [43] mentions robustness (in the sense of robustness to distribution shifts) as
important for agent applications. Another kind of robustness is adversarial robustness [14], which is
whether small perturbation to the input can lead to different decisions. Systems with poor adversarial
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Figure 2: Flow of how well the surveyed papers meet our criteria (see § 3). No single paper meets
all of the criteria, with the most challenging categories being public-sector relevance and relevant
metrics.

robustness will be prone to attacks and be gameable, which can hurt individual fairness by introducing
shortcuts.

This requires carefully considering which changes can affect the agent once deployed. Since LLMs
have inherent randomness, robustness is important to measure [6, 45]. However, in preliminary
experiments, we found high variation in definitions of robustness, which made it infeasible to include
specific guidance.

Furthermore, each specific public-sector use case will have specific socio-technical constraints that
should be accounted for [74]. The two metrics we focus on in this paper (‘cost’” and ‘fairness’ metrics)
should therefore be seen as a starting point rather than a comprehensive checklist.

4 Methods

Here, we describe how we survey the literature to construct an overview of the state of public-sector
relevant agent benchmarks. We implement an iterative LLM-assisted distant reading methodology
[40]. First, we conduct a keyword search on ArXiv as well as various machine learning conferences
(ICLR, NeurIPS, and ACL Anthologies) using the keywords “LLM”, “Benchmark”, and “Agent”.
We then deduplicate the papers using fuzzy matching on the titles using a threshold of 90%, which
removes 29 duplicates [4]. This results in 1312 unique papers. We download the full text of all these
papers from ArXiv or the relevant proceedings. On a high level, we iteratively refine the classification
of these papers using a combination of LLM and expert labelling.

4.1 LLM labelling and operationalisation

The principal step of our iterative flow is to operationalise the criteria discussed in § 3 in a way that
can be processed by an LLM. Here, we use zero-shot structured data extraction [17], i.e., defining a
structured schema (using JSON), which constrains the outputs of the LLM. Crucially, this allows us
to define the targets (i.e., the criteria) in natural language.

To increase performance, we use a chain-of-thought-inspired workflow [86]. This means that before
the LLM outputs a label for the criteria, it writes a brief analysis which provides reasoning traces
that we can use to qualitatively assess alignment [11]. The exact structure of the data model can be
found in the accompanying repository, which contains the prompts and schemas used for structured
extraction?. To create a fully specified response set, we allow each criterion to be labelled as ‘Yes’,
‘No’, or ‘Unknown’ [33]. Note, that in the first iteration, we employ naive descriptions and system
prompts to kick off the iterative refinement.

We use the open weights gpt-oss-120b for the screening with respect to whether the paper im-
plements a benchmark and adheres to our definition of agenticness (see § 2.1). Since the model is
open-weights it increases reproducibility relative to closed models [68]. We use a temperature of 0 to
ensure reproducibility further.

https://github.com/jhrystrom/public-sector-agent-benchmarks
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Table 1: Krippendorf’s o and positive rate for LLMs and annotators

Process Realistic Public Cost Fairness
Based Sector

o Human-Human 62.6% 73.3% 73.2% 64.4% 47.8%
K Human-LLM 29.2% 57.7% 793%  100.0% 78.5%

Human 8.8% 46.9% 23.5% 8.1% 8.8%
LLM 27.3% 63.6% 15.2% 6.1% 9.1%

Rate

4.2 Expert labelling

To ensure the reliability of the LLM labelling, we manually annotate a subset of papers. We select
the subset based on the first iteration of the LLM labelling such that we have at least two papers per
category (e.g., two public sector/non-public sector, measures cost/doesn’t measure cost, realistic/not
realistic etc.) This results in a total of 54 sampled papers. We equally divide the sampled papers
between the authors such that each paper has two assigned labellers. This allows us to calculate
inter-rater reliability on a per-attribute basis [46] as well as increase the reliability of the labelled data
by selecting only items with agreement [33].

We label the papers based on a survey with questions corresponding to each criteria as well as
two screening attributes: whether the paper contributes a novel benchmark and whether the paper
measures an agent as per our definition (see § 2.1). The full survey can be found in the accompanying
repository?. We first pilot the survey to ensure we have rough agreement on the constructs within the
labelling group.

The author group went through three iterations of refining definitions before running the final LLM-
assisted analysis. At the end of each iteration, we manually analysed disagreements and did conflict
resolution loosely following the steps outlined in Oortwijn et al. [62].

This dataset allows us to design a prompt that accurately captures the concepts. Our initial prompt
was exactly the instructions used for annotation. Following Guerdan et al. [33], we design a prompt
that meets two criteria: high alignment with expert labellers and similar selection rates. This ensures
that we capture both similar judgements and similar rate statistics. We iterate the prompt by adding
and modifying inclusion and exclusion criteria until we reach sufficient alignment.

We show the inter-rater reliability statistics in Table 1. We report both Krippendorf’s alpha («x) and
the positive rate, i.e., the fraction of papers rated as belonging to the given category. Conventionally,
an ax > 60% is seen as moderate reliability [cf. 48]. However, one should be careful about dogmatic
interpretations [29]—especially with the complex constructs in this paper [88]. Still, the human-LLM
reliability is generally high (with the exception of process-based). For the rates, it’s important to note
that the LLM has generally higher rates than the humans.

5 State of the Literature

In this section, we analyse the results of our LL.M-assisted literature review. First, we analyse the
high-level patterns our review has uncovered. Then, we carefully analyse the few papers that best
meet our criteria.

High-level pattern: No complete benchmark exists We show the overall flow of our criteria in
Fig. 2. There are several things to note about the state of PSO-relevant agent benchmarks. The first
and most important finding is that no single benchmark meets all of our criteria.

As the figure illustrates, the two main limiting factors are reporting all relevant metrics and being
relevant to the public sector. Fig. 3b shows that only one paper [85] reports both cost and fairness
— regardless of being public-sector relevant. 77.6% of the papers report neither fairness nor cost
(see § 3.2). Of these, fairness is the least reported (1.9% of papers) with cost being reported by
20.7% (see also Fig. 3a). As argued in § 3.2, reporting these metrics is important for public-sector
decision-makers to make informed decisions about the real-world usability of the benchmarks. We

*https://github.com/jhrystrom/public-sector-agent-benchmarks
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will discuss the specific cases of fairness and public-sector relevant benchmarks in the following
sections.

Fairness is not integrated: As evident from Fig. 3b, only 1.9% of papers report fairness metrics.
Most of these papers are exclusively focused on fairness evaluation. For instance, Tur et al. [79],Zheng
et al. [95], and Hofman et al. [39] all explicitly evaluate safety and alignment, while Li et al. [50]
evaluates algorithmic bias. Only Schmidgall et al. [71] and Shen et al. [76] integrate fairness metrics
in non-fairness-focused benchmarks.

As previously argued, measuring fairness is an essential (but fraught) requirement for deploying
agentic solutions in the public sector (see § 3.2). Unforeseen failures are the norm, not the exception.
It is thus imperative that future benchmarks incorporate fairness measures regardless of their focus.

Few public-sector-specific benchmarks: Finally, a core limitation is that there are few public-
sector relevant benchmarks. As seen in Fig. 2, there are only eight process-based benchmarks
uniquely relevant for the public sector per our definitions (see § 3). These benchmarks focus on
judicial administration [38, 76], climate finance [80], logistics [78, 47], and security [91].

While the above benchmarks cover a broad range of use cases, they are far from spanning the full
breadth of administration tasks within public-sector organizations. Ideally,a plethora of public-sector
relevant benchmarks should be available to inform implementation efforts. While the lack of existing
benchmarks presents a challenge, it also provides an opportunity for researchers to develop these
benchmarks.

This is not to say that benchmarks must be specific to the public sector to have informative value.
Benchmarks like WorkArena [22] and FOFO [format following; 90] , which tests the ability of
language models to produce text of specific formats, measure important abstract capabilities that are
relevant in the public sector. Still, the stringent requirements and process-based flow in public-sector
organisations might be particularly challenging for LLM-based agents; we will only know when we
start measuring them.

6 Conclusion

The safe adoption of LLM-based agents in public-sector institutions is a sociotechnical challenge
spanning technology and organisation [52]. A precondition for its success is robust, contextually
valid technical evaluation of these systems against the public sector’s unique requirements [72]. We
derive here that candidate LLM agent benchmarks must therefore, at a minimum, live up to a set
of criteria to be relevant for the public sector. We propose these criteria as a signal-strength rubric:
the more criteria a benchmark meets, the more informative it is for public-sector adoption decisions,
and gaps indicate where benchmark scores provide weak evidence about real-world deployment.
Concretely, benchmarks should be process-based (measuring interdependent subtasks that reflect how
work unfolds in practice), realistic (measuring real tasks with realistic data), focused on public sector-
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specific tasks (i.e., tasks actually performed in public-sector organisations), and report public-sector
relevant metrics, including cost and fairness alongside other context-dependent measures.

Using an LLM-assisted literature analysis technique, we survey more than 1,300 papers against
this rubric. The results are sobering. No single benchmark meets all of the criteria. The largest
gaps concern public-sector specificity and comprehensive metric reporting: only one benchmark
reports both cost and fairness (with fairness rarely integrated), and there are few public-sector-specific
benchmarks. These gaps risk encouraging overconfidence in agents on the basis of benchmark results
that are not well-matched to public-sector constraints and trade-offs.

While our findings highlight vast public-sector gaps in the current benchmark literature, our findings
also provide a call to action. We call on the academic community to: (1) develop public-sector-specific
benchmarks, (2) integrate more relevant metrics, including fairness, and (3) prioritise ecological
validity in benchmark design. In parallel, public-sector organisations should assess any benchmarks
they rely on against these criteria, and treat missing dimensions as limits on applicability rather than
as reassurance. If this call is heeded, public-sector organisations around the world will be in a better
position to responsibly integrate LLM agents for the benefit of all citizens.

Limitations

Despite our extensive stratified annotation strategy, it is challenging to ensure coverage across all
categories. Since few papers live up to, e.g., public-sector relevance, we might not cover all types of
papers in our manual annotations. However, since we carefully match the rates and agreement, we
are confident in our overall conclusions.

Asnoted in § 4, we have imperfect agreement between the LLM classifications and human annotations.
However, since the annotators are generally more conservative than the LLM (see Table 1) and our
core claims are about the non-existence of complete benchmarks, we are nevertheless confident in the
directionality of our conclusions.
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