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Abstract

AI models are increasingly deployed as agents: rather than responding to a single prompt, they plan
over many steps, call external tools, and act within software and real-world environments. This shift
challenges the existing outcome-focused benchmarking paradigm for evaluating Al models. Evaluating
these agent systems must now encompass an array of scaffolds, tools, and environments that present a
far more complex challenge for evaluators today. First, this shift has necessitated many improvements
to measurement methodology, scientific rigor, and evaluation infrastructure. Second, the deployment
of agents in real settings has expanded the scope of evaluation from the lab to the field. Third, the
accompanying changes within the broader evaluator ecosystem hold new implications for those interested
in contributing to this work. We survey 33 shifts, practices, and questions driven by the Al agent paradigm
across the above three dimensions—the “How,” “What,” and “Who” of Al agent evaluation. Our goal is to
help consolidate the emerging discipline of agent evaluation, equipped with an evolving methodological
toolkit (Part 1), an orienting research agenda (Part 2), and an updated portrait of the evaluation
landscape (Part 3).

Part 1: How
Evaluation science and methods

Part 2: What Part 3: Who
Expanded research agenda Evaluator ecosystem

la Validity 2a Simulated users 3a Who evaluates

1b Benchmark quality 2b Lab experiments 3b Independence

1c Metrics beyond accuracy 2c Field experiments 3c Labs shaping evaluations
1d Statistical rigor 2d Observational usage data 3d Evaluations shaping labs
le Causal attribution 2e Domain-specific evaluation 3e Funding

1f Contamination 2f Economic impact 3f Rising costs

1g Dynamic benchmarks 2g Behavior under evaluation 3g Venues

1h LLM judges and monitors 2h Dangerous capabilities 3h Public sector

1i Log analysis 2i Security 3i Disciplinary entry points
1j Evaluation infrastructure 2j Interaction harms

1k Red-teaming 2k Systemic evaluation

11 Open-world evaluations
1m Human baselines

each trend closes with each trend closes with each trend closes with
best practices research directions practical considerations

Figure 1: Overview of the 33 trends surveyed in this paper.
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Introduction

For much of the history of artificial intelligence (AI) and machine learning (ML) models, evaluation followed
a simple template: query a model, collect its response, and compare that response against a given reference
answer. However, with the advent of Al agents, evaluation has grown into a significantly more complex
enterprise (see Figure 2). The basic mental model of evaluation as outlined above belies the sprawling set
of resources, infrastructure, and design considerations required by evaluators today. Questions of interest
for evaluation of Al agents today no longer implicate models alone, but rather expand to the larger systems
around them, consisting of scaffolds (also referred to as “agent harnesses”) [16, 116, 138], tools, testing
environments, and user interfaces. As a result, long-standing concerns may manifest differently for agents
than they did for models, and previous assumptions may not hold (see Table 1). These changes in the
overall evaluation landscape are taking place amidst rising expectations for Al agents and demands for
longer-horizon tasks. Meeting these demands requires updating our understanding of principled Al agent
evaluation in three key dimensions (see Figure 1): how to evaluate, what to evaluate, and who evaluates.

1) Rethink evaluation methodology (“How?”). First, agent evaluation requires revisiting and imagining
evaluation methods. Conceptually, familiar concerns about evaluation take new form within the agentic
paradigm. For example, establishing validity becomes harder when performance depends not only on the
underlying model, but also on the particular agent scaffold and environment. Achieving statistical rigor must
better account for long, stochastic trajectories, where small differences early on can compound into sharply
divergent outcomes. Concerns about contamination extend beyond training data alone; agents now have
access to a wide array of tools and web access that make identifying such instances harder. Methodologically,
these shifts create new opportunities for metrics of interest and evaluation infrastructure. Conducting
evaluations today requires an elaborate set of harnesses, autograders, and sandboxed environments, which
are themselves new surfaces for scrutiny. We offer a set of emerging best practices.

2) Broaden the scope of evaluation (“What?”). Second, the agentic shift demands a broadened research
agenda for evaluators. Agent deployment in real settings has expanded the scope of evaluation from the
lab to the field, necessitating coverage of capabilities, human interactions, and systemic considerations.
No longer can questions for evaluation be confined to a question of capabilities in a vacuum, but must
also examine how agents are situated in new relationships with humans and each other. Fueled by public
debates around the economic and societal impact of Al, we separate evaluations that ask whether an
agent can do a task on its own (automation) from those that ask whether they can support human work
(augmentation). We offer a set of relevant research directions.

3) Recognize the role of evaluators (“Who?”). Third, evaluators shape the evidence that developers,
policymakers, and the general public rely on. Evaluators influence the broader discourse not only by setting
questions of interest, but by determining how evidence is produced, analyzed, and shared. Who designs
an evaluation therefore matters because the choices evaluators make about scaffolds, prompts, tool use,
environments, budgets, points of human intervention, and statistical analyses all create substantial degrees
of freedom. Consequently, the historic understanding of benchmarks as a source of evaluator-agnostic
results can no longer be taken for granted. Reflecting the changing landscape of this work, we offer practical
considerations for researchers interested in this work.

There is an urgent need to identify and disseminate best practices, chart a path forward for the agent
research community, and develop an ecosystem capable of conducting these evaluations. This paper is a
step in that direction. We begin by clarifying its scope and methodology. Part 1 examines the conceptual
concerns, emerging tools, and evolving protocols that are shaping a science of Al agent evaluation. Part 2
turns to the widened scope of evaluation, emphasizing both technical and sociotechnical lenses, micro-
and macro-levels of analysis, and evolving conceptions of safety, security, and harm. Part 3 characterizes



the current evaluation ecosystem, and discusses how changes in evaluators’ material conditions and
independence impact the choices available.

Table 1: Why agent evaluation is a new field and why LLM evaluation practices are insufficient. Practical suggestions
for the evaluator ecosystem are treated separately.

Methodological Question or Area of
Evaluation

How Agents Exacerbate Existing Model Evaluation Challenges, or
Create New Ones

la. How does validity change for
agents?

1b. How should we evaluate
benchmark quality?

1c. What should agent evaluations
measure beyond accuracy?

1d. How can agent evaluations
achieve statistical rigor?

le. How can agent evaluations
attribute causal changes in
performance?

1f. How can agent evaluations resist
contamination?

1g. What role do dynamic benchmarks
play, and what are their tradeoffs?

1h. Where should LLMs judge and
monitor agents?

The outcome-oriented focus of model evaluations breaks down with
agents, since they can reach the same outcomes through disparate
trajectories, possibly via shortcuts. Moreover, constructs of interest are
harder to operationalize due to the dynamic nature of agents’ real-world
interactions. Evaluators must be more precise about constructs, metrics,
and how they think about validity.

Manual human review of model benchmark questions was more feasible,
and impossible tasks more clear to verify—with the increase in
components for agent evaluation tasks, it is far more tedious to attempt
validating broken or impossible agent tasks.

An outcome-oriented evaluation mindset for models prioritized accuracy
(i.e., success on tasks) as the key metric of interest. But agent
performance includes far more than just accuracy; deployment in the real
world involves tradeoffs between cost, latency, and reliability, important
concerns not captured by accuracy alone.

Agents create greater variance across runs and over multi-step, possibly
disparate, trajectories; this increased variance demands better ways to
capture and model this uncertainty.

Model evaluation benefited from clear causal attribution—changes in
models drove changes in outputs. With a larger number of sources of
variance (e.g., environments, tools, scaffolds, etc) agents now have more
possible potential causal sources to rule out when agent performance
changes. Moreover, the same scaffold may not interact with all models in
the same way, complicating the separation of model from scaffold
attribution.

Contamination for model evaluation largely was conceptualized in terms
of prior exposure to benchmark content. With agents and their access to
scaffolds and tool use, there are now far more possible sources of
contamination.

Dynamic benchmarks offer one response to contamination and saturation,
but their distribution shifts are known to create comparability and
coverage issues. This dynamic nature creates another variance source for
agent evaluations, making attributions of score changes even harder.

Agent evaluations have dramatically amplified the need and utility of
LLM judges and monitoring thanks to long trajectories and open-ended
outputs that are outpacing manual human review. The increasing
centrality of these setups is creating fresh risks around overreliance and
questions about their efficacy and validity. Moreover, it is raising questions
of when—and where—we need humans in the loop to judge and monitor
agents? What information do LLMs or humans need for that task?




Methodological Question or Area of
Evaluation

How Agents Exacerbate Existing Model Evaluation Challenges, or
Create New Ones

1i. What can log analysis reveal
beyond outcomes?

1j. What is the value of standardized
evaluation infrastructure for agents?

1k. How should red-teaming evolve
for agents?

11. What can open-world evaluations
reveal that benchmarks cannot?

1m. How can evaluators interpret
agent performance relative to human
capabilities?

Agent success or failure cannot be fully understood by outcome metrics
alone. Trajectory analysis can reveal validity challenges (Section 1a),
benchmark quality issues (Section 1b), contamination (Section 1f), and
surface underlying patterns in agent performance.

Model benchmarks were far simpler and cheaper. Trying to conduct
rigorous agent evaluations requires significant engineering effort and an
ecosystem of infrastructure such as reproducible environments, reusable
scaffolds, and common reporting standards. Standardized evaluation
infrastructure can help to simplify costs and develop greater
comparability of work.

Model red-teaming was primarily focused on scrutinizing harmful
outputs and possible prompt vulnerabilities. For agents, there is a much
larger attack surface in addition to the model itself (e.g., from the
scaffold). Moreover, harmful model outputs in the agentic paradigm can
more directly lead to harmful action thanks to tool use and expanded
capabilities.

Benchmarks flatten performance through scoped tasks and outcome
taxonomies. This was sufficient for the uni-dimensional form of model
outputs. But as expectations for agents rise in real-world settings,
understanding their performance demands more open-ended
examination, through detailed real-world cases with long-horizon,
complex agent trajectories. What does comparability look like for
open-world evaluations?

For model evaluations, comparison to human capabilities largely revolved
around comparing accuracy. But we are now demanding much more from
agents, applying them to work-like tasks. This creates new avenues for
comparison, by quantifying agent performance in terms of human time,
quality of output, and reliability.

Expanded Research Agenda

2a-2d. Human-agent interaction:
evaluation across simulated,
laboratory, field, and observational
settings

2e. Domain-specific evaluation

2f. Economic impact evaluation

2g. Agent behavior under evaluation

2h. Dangerous capabilities and misuse

2i. Agent and evaluation security

Model evaluations largely made sense in the context of prompts and
outputs. Agents are often situated in particular human-agent interactions
that are multi-turn and stateful, and require study across a variety of
evaluation settings: through simulated users, in laboratory settings with
humans, in field experiments, and through observational data on
real-world usage.

Model evaluation in specific domains largely tested whether models
possess specific knowledge within a domain. Agents are being tested on
domain-specific workflows.

Model capability scores alone do not establish economic impact; actual
adoption, usage, and aggregate outcomes with agents are what matter.

Agents in stateful environments create expanded opportunities to assess
the implications of reward hacking behavior and consequences of
evaluation awareness.

Agent access to tool use, permissions, and stateful environments
amplifies ability to conduct consequential harmful actions.

Security is no longer about the model alone, but now includes the
scaffold and wider evaluation environment as well.




Methodological Question or Area of How Agents Exacerbate Existing Model Evaluation Challenges, or
Evaluation Create New Ones

2j. Interaction harms Model evaluation surfaced potential harmful outputs, but largely in
atomic individual responses. Persistent interactions with stateful agents
equipped with memory can create feedback loops that can accumulate
harms and lead to new ones across long trajectories.

2k. Systemic evaluation Model evaluation was largely done in isolation. As agents embed in
organizations and institutions and interact with humans and other agents,
their effects on incentive structures demand study.

Scope and methods

Intended audience

This paper is written primarily for researchers who are interested in understanding the current state of
research of Al agent evaluation or to enter the field. It may be particularly useful for researchers who are
familiar with model-level benchmarking, but who are less familiar with agent-specific research. Researchers
who are already working on Al agents may find this paper helpful for understanding other aspects of the
broader agent ecosystem, or as an opportunity to reflect on the future direction of the field. We expect our
paper to be most relevant to researchers seeking generalizable knowledge, though much of the discussion
will also be useful to engineers doing downstream evaluations.

The paper also targets a broader audience of stakeholders interested in weighing the claims around Al
agents and their capabilities. For these readers, it offers a reference point for judging the current state
of agent capabilities, broadly and within particular domains. It does so by surfacing shared evaluation
challenges and emerging best practices within the latest paradigm of agents.

Table 2 suggests where readers with different goals might start.

Agents as the object of evaluation

We focus on evaluations of agent systems (“Al agents”): systems combining large language models (LLMs)
with scaffolds and tools to plan and act to achieve goals, without human intervention required at all
steps [129, 133, 142, 146, 246, 287, 305]. Moreover, we primarily discuss frontier Al agents whose
performance approaches the state-of-the-art across a wide range of capabilities [43]. We examine agent
evaluation at three levels of analysis: (i) the agent system itself, consisting of the combined behavior of its
components; (ii) agents in tandem with each other and with humans, e.g., human-agent interaction and
collaboration; and (iii) agents and their effects on institutions and organizations.

This survey emphasizes trends relevant to agent evaluations and how they have evolved relative to model
evaluations. We largely discuss agent systems rather than the model internals alone. For example, we
include work on agent security that emphasizes scaffold, environment, and harness design (e.g., indirect
prompt injection). However, we generally exclude from scope work solely concerning model internals, such
as mechanistic interpretability research into Sparse Autoencoders (SAE). We also exclude from scope work
that primarily focuses on simulation fidelity using “digital twins,” [217] rather than the capabilities and
risks related to the agents themselves.

We use evaluation to describe works that “measure, characterize, or analyze properties of Al models or
systems.” [43] Evaluations may occur before or after deployment, and may be conducted by a wide range



Table 2: Relevant sections organized by use case.

Use Case Start With Also Relevant

Entering Agents as the object of evaluation; Validity (1a); = Venues (3g); Part 2 research
agent-evaluation Part 2 introduction; Who evaluates (3a); directions

research Disciplinary entry points (3i)

Implementing an
evaluation

Weighing evaluation
claims

Evaluating agents for a
deployment

Policy and oversight

Funding evaluations

Metrics beyond accuracy (1c); Statistical

rigor (1d); Causal attribution (1e); LLM judges
and monitors (1h); Log analysis (1i); Evaluation
infrastructure (1j); Security (21i)

Validity (1a); Benchmark quality (1b); Statistical
rigor (1d); Contamination (1f); Human
baselines (1m)

Field experiments (2c); Observational usage
data (2d); Domain-specific evaluation (2€)

Dangerous capabilities (2h); Systemic
evaluation (2k); Independence (3b); Public
sector (3h)

Part 2 introduction; Independence (3b);
Funding (3e); Rising costs (3f)

Contamination (1f); Behavior under
evaluation (2g); Rising costs (3f)

Behavior under evaluation (2g);
Security (2i); Independence (3b);
Labs shaping evaluations (3c)

Open-world evaluations (11);
Simulated users and lab
experiments (2a—2b); Interaction
harms (2j)

Red-teaming (1k); Economic
impact (2f); Labs and evaluations’
relationship (3c-3d)

Evaluation infrastructure (1j); Labs
and evaluations’
relationship (3c-3d); Venues (3g)

Model evaluation

Prompt

Agent evaluation

Model

Response

Agent system

Task Model

every step

<> Scaffold <> Tools

may intervene
at some steps !

Human

actions l

Environment

T observations

Trajectory —>

——>| Final state [—>

—>| Grader <—| Reference answer

<—] Tests
Grader |<— Rubric
<— LLM judge

Figure 2: Model evaluation grades a single response against a reference answer. Agent evaluation covers a system of
LLM, scaffold, and tools that acts in an environment over many steps, sometimes with human intervention; instead of
a reference answer, the grader uses tests, a rubric, or an LLM judge to assess the trajectory (the process), the final

state (the result), or both.



of actors, including agent developers, governments, non-profit, or for-profit actors. Both technical and
sociotechnical forms of evaluation are in scope, with one complementing the other—technical evaluation
provides insight into capabilities and constraints of these systems, while sociotechnical evaluation allows us
to contextualize agents and understand how they interact in deployment settings.

We draw a few conceptual boundaries between evaluation and overlapping concepts of verification and
auditing. Evaluation is broader than verification work [43], since evaluators have methodological freedom
in designing and conducting evaluations, rather than strictly reproducing an existing process [255]. We
consider evaluation to be broader in purpose than auditing, since auditing incorporates evaluations primarily
in service of accountability [8, 39, 57, 198, 224]. We do not restrict our focus to evaluations with an
explicit accountability focus, but instead include it as part of the broader category of evaluations.

Methods

We use the term trend to describe a documented change in how agents are evaluated or in what evaluations
try to measure. Trends take on different forms—they may be new formulations of old problems or challenges,
for example in examining how agents create new validity challenges, or in new practices that have grown
to meet the needs within agent evaluations, for example in the increased reliance on LLM-as-judge setups.

We draw upon different forms of evidence, from public leaderboards, benchmarks, preprints, research
notes, online essays, blog posts, and position papers, from a variety of sources including industry, academic,
governmental, for-profit, non-profit, and philanthropic actors. Our examination of the ecosystem relies upon
snowball sampling, following citation chains, and examining points of collaboration between authors and
organizations. We rely solely on public-facing materials and publicly disclosed funding and grantmaking,
which at times limits the granularity of detail we can provide.

We structure our overall findings in three parts: the how, what, and who, of evals. While several trends
straddle multiple categories, our goal is to locate them alongside relevant trends expanding upon similar
themes. Our selection of trends is opinionated and the selection of citations within each trend is illustrative—
neither is intended to be comprehensive.

Part 1: Improved Evaluation Science and Methods (“How”)

Amid growing calls for a science of evaluations [26, 112, 113, 218, 293], Al agents have revealed important
shortcomings in previous evaluation practices, creating increased demand for scientific rigor [199]—in
how measurement is defined, how evaluation is conducted, and how it is reported. At the same time,
researchers increasingly recognize Al evaluation as a social science measurement challenge [282], one that
requires being explicit about constructs, how they are operationalized, and how they are measured.

This section begins by highlighting some animating concerns within the science of evaluations, by exploring
questions around validity, statistical rigor, causality, contamination and saturation. Next, we explore the
emerging toolkit for evaluations which aim to address these concerns: dynamic benchmarks, log analysis,
and LLM-based judging and monitoring (see Figure 3). Lastly, we examine the new evaluation formats
that are being applied to understand agents, as evaluators seek to complement benchmarks with new
approaches.

la. How does validity change for agents?

Consider the example of a “replay agent” for computer use—one that merely copies a single successful
agent trajectory on a task and reproduces those exact actions [59]. No matter the state of the environment,



Construct  Quality and Statistical Causal Data Ecological

validity saturation rigor attribution contamination Vvalidity
Design practices
1b Item-level analysis (V]
1d Repeated runs (V]
le Factorial designs (V]
1f Held-out test sets o
Tools and formats
1g Dynamic benchmarks (1) (V] (V]
1h LLM judges and monitors (V] (1)
1i Log analysis (/] (V] (V] (V]
1j Standardized infrastructure (V] (1]
11 Open-world evaluations (1) (/]
@ addresses the concern © introduces a risk for it

Figure 3: How the methods discussed in Part 1 relate to its recurring concerns: which concerns each method is
presented as addressing, and where it is flagged as introducing a new risk.

the replay agent plods along. There is no reasoning involved, only blind recitation of a particular action
sequence. It scores highly on certain benchmarks, even achieving higher success rates than agents powered
by frontier models. Does this higher success rate imply that the replay agent is better at computer-use
reasoning than those of frontier models? What does “better” mean in this context?

This example highlights the importance of construct validity, which asks to what extent a metric—in this
case, success on various computer-use tasks—accurately represents the abstract concept (the “construct”)
it claims to measure: computer-use capability. This question of validity also assumes that the construct is
adequately defined, a prerequisite which itself may not be satisfied. Moreover, for agents, constructs of
interest are harder to operationalize due to the dynamic nature of their real-world interactions. Assessing
construct validity therefore requires a clear definition of both the construct of interest and its corresponding
metric [234].

The increased complexity of agents, along with their environments, scaffolds, and trajectories, has made
the task of assessing not only construct validity, but validity generally, more difficult and urgent. Construct
validity is one of many interrelated validity concerns (see Figure 4)—we discuss many of these in further
detail throughout this section, as validity underpins many trends as a first-order concern in evaluation.'
Internal validity specifies the strength of the causal relationship between changes to agents and measured
outcomes, and to what extent that attribution is defensible—a challenge we explore in Section 1e. External
validity examines whether evaluation results are generalizable to other contexts. We explore a specific
iteration of this concern, ecological validity in Section 11, through the need for naturalistic evaluation
environments and settings.

° BEST PRACTICES

* Define explicitly the underlying construct before choosing a metric. Walk through different ways that metric

!See also Goodhart’s law, which describes how a metric can diverge from the actual construct of interest.



Change to the agent internal validity Metric construct validity Construct

model, scaffold, tools . e . computer-use capabilit
’ ’ did the change task success rate does the metric P Pa Y

cause the difference? capture the concept?

external validity
do the results generalize?

Other contexts Ecological validity: do they hold under
tasks, settings, users real-world conditions of use?

Figure 4: Kinds of validity and the link each one concerns, illustrated with the computer-use example.

might be gamed by an agent strategy which lacks the capability of interest.

e Scrutinize the validity of evaluation results and the claims they support (e.g., using a validity frame-
work [234]), and how they rely on construct, internal, and external validity.

* Apply appropriate tooling (e.g., log analysis) to inspect possible sources of validity error—for example,
through shortcuts, contamination, or reward hacking [186]. We explore these methods in greater detail in
Sections 1h and 1i.

1b. How should we evaluate benchmark quality?

Underneath the broad umbrella of validity, a key concern is around the quality of an agent benchmark
as a whole. Ensuring benchmark quality is difficult for a few reasons. On a purely technical basis, tasks
are tedious for humans to check manually. Agents have amplified this challenge further, by expanding the
number of components where possible errors may reside. Moreover, constructs of interest are harder to
operationalize because of the dynamic nature of agents’ real-world interactions—lengthening the distance
between upstream evaluation and the downstream deployments of these systems. And with increasing
focus on multi-agent systems, the potential variance quickly becomes much larger.

Compounding this technical challenge are disincentives for benchmark quality assurance. Benchmarks
have touted how “impossible” their tasks are [231], while simultaneously overclaiming on the construct
a benchmark intends to represent [181]. Evaluation as a whole is also increasingly costly [92]: since
additional time and resources spent verifying tasks carry additional cost, benchmark developers may feel
pressure to prioritize other aspects of benchmark design. Benchmarks are also not immune to the pressure
to publish first—among similar benchmarks, the first one to be released has a strong advantage in adoption
by the community. While the peer review process might ideally surface potential issues, reviewers may
lack the time, resources, and expertise to conduct quality control on specific task contents, as specific task
contents are not within their remit.

Indeed, many potential problems are difficult to discern and become most visible once a benchmark reaches
saturation [186]. Saturation refers to when a benchmark can no longer reliably distinguish between the
performance of different agents (see Figure 5). For example, this may occur when several agents have
approached the benchmark ceiling and their performances have plateaued so closely together that they
are statistically indistinguishable from each other [6]. Saturation can be evidence of genuine progress in
underlying capabilities, while also offering an opportunity for introspection and iteration on a benchmark
and to identify validity issues. Following saturation, there is an opportunity to examine benchmark validity.
For example, plateauing performance could be indicative of reward hacking, or that the agent has exploited
some aspect of the evaluation test set [186, 268]. In the case of the replay agent, its successful performance

10



demonstrated the validity issues with its benchmark, a claim that would not necessarily merit attention
had its performance not reached parity with other approaches.

A benchmark ceiling Responses to saturation
¢ ¢ ¢ Scrutinize the benchmark’s validity

@ +

e —
]
@ ¢ statistically Build a harder successor benchmark
'f‘;e + indistinguishable
g —> | Refresh the task set with new content
5 ¢

¢ Keep the tasks that still discriminate
Incorporate metrics beyond accuracy

Y

Successive agent releases

Figure 5: Schematic of benchmark saturation. Once the leading agents are statistically indistinguishable near the
ceiling, the benchmark no longer discriminates them, which prompts the responses on the right.

One response is to focus attention on developing the next, typically more challenging, version of the
benchmark. In fact, this very approach to iterating upon benchmarks can help set concrete targets
for future agent development (e.g., SWE-bench [124] and SWE-agent [302]). Another response is by
refreshing the task sets with new content, perhaps drawing from production traffic on a continual basis
(see Section 1g) [301]. Individual benchmark tasks may also be reused for greater benchmark efficiency,
through item-analysis of existing tasks to identify which tasks still discern between agents. For example,
a psychometric framework such as Item Response Theory (IRT) could be used to streamline the tasks,
such that a reduced subset of tasks still discriminates among top agents [191]. Alternatively, the same
benchmarks can be repurposed with a focus on new metrics beyond accuracy.

° BEST PRACTICES

* Use saturation on one metric as a trigger for deeper benchmark scrutiny.

* Check for the possibility of impossible tasks, incorrect grading, task errors, and usage of shortcuts to review
benchmark validity.

* Apply item-level analysis (e.g., Item Response Theory (IRT) from measurement science) to determine which

benchmark tasks continue to discriminate among top agents, possibly to repurpose subsets into more efficient
benchmarks [191].

1lc. What should agent evaluations measure beyond accuracy?

Even if task success serves as a valid metric, it may only capture one dimension of agent performance.
Evaluation has historically defined success in the context of a narrowly bounded task, for example through
a metric of “functional correctness.” [309] As agents take on longer trajectory tasks and deploy into
economically relevant areas of work, they merit a more holistic performance profile, adding, for example,
measures of cost, latency, or reliability.

This idea of bringing together many different measures of agent performance has roots in prior work on
model performance, such as the Holistic Evaluation of Language Models (HELM) [149]. Agents, which may
require multiple reasoning steps, access to tool use, and include much greater variance in cost and compute,
create additional dimensions for consideration. Relevant examples of quantitative metrics include:
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* Cost: how many credits or compute an agent consumes. Cost can be a decisive factor in domain-specific
implementations, perhaps with respect to profitability [132, 133].

* Latency: how long it takes for models (or agents) to return a response. For time-sensitive applications,
latency has a substantial impact on usability. With agents, assessing latency requires not only factoring
in the model latency but also the latency of its other components (e.g., tool use) [133, 279].

* Reliability: a composite metric capturing how consistent, robust, and predictable an agent is [223].
Agents shipped in differing deployment scenarios may require adaptive thresholds of acceptable
reliability [223].

These quantitative metrics can also be complemented by qualitative analyses of agent trajectories, a trend
we explore further in Section 1i. Even if final outcomes are identical across multiple runs, the possibility of
highly disparate trajectories, perhaps with unsafe behaviors, merits study.

The way in which these dimensions together are being communicated also frames discussion around
agents. For example, Pareto frontiers [132, 133, Sec. 2.2, 82], such as between accuracy versus cost, or
performance versus token usage [31], more clearly enable joint consideration of these metrics [72, 161,
206, 286]. They help evaluators visualize the tradeoffs involved, since maximizing on certain metrics
such as accuracy alone can lead to unbounded cost [133]. This is especially relevant for agents, since cost
variance can be much higher for agents than models alone. These metrics may also be reported with respect
to release date to contextualize progress over time [114, 145, 223, 240].

Far along the frontier, large increases in
cost buy little additional accuracy.

Dominated: another agent is both
cheaper and more accurate.

Accuracy

® on the Pareto frontier
O dominated

Cost

Figure 6: Schematic accuracy vs cost plot. Agents on the Pareto frontier are not beaten on both dimensions by any
other agent; the remaining agents are dominated.

® BEST PRACTICES

* Report accuracy jointly with an appropriate notion of cost (e.g., monetary value, latency) and illustrate the
tradeoff as a Pareto curve [133] (see Figure 6).

* Measure reliability as a metric in its own right and set an acceptable threshold scaled to the specific
deployment scenario.

* Clarify what model-scaffold combinations are being measured, to better understand model x scaffold
interaction effects.

1d. How can agent evaluations achieve statistical rigor?

Agent performance on benchmarks can vary widely, due to particular tasks selected into the benchmark, or
variance across different agent trajectories within the same task. Certain approaches to aggregating or
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subsetting these trajectories may obscure this variance. Increased statistical rigor can capture this variance
and help to address concerns around cherry-picking in measuring agent performance, and distinguish
between best-case and typical performance, which may be of interest to different audiences and interpreted
differently as such.

Repeated runs are increasingly adopted for agent evaluations, but single-run evaluations remain common due
to the constraints from cost and compute [16, 223, 255]. One popular performance metric is pass@k [49],
originally popularized for measuring functional correctness of Al-generated code [49] and subsequently
adopted for agent evaluations [132, 133, 278, 302]. Pass@#k represents the probability of “success” at least
once within & attempts. For example, pass@1 communicates the expected performance of an agent on a
single attempt [40]. Yet, for stateful interactions such as computer use, pass@k may be an inappropriate
measure for reliability or consistency [59]. In contrast, passAk quantifies consistency in task success by
representing the probability of success over all k£ runs [304] (see Figure 7). Neither metric necessarily
captures how robust an agent is to changes in the testing environment; for example, gaming through a
replay agent (see Section 1a) may still report high scores for both metrics while still being very brittle for
other environments. Multi-agent contexts introduce additional sources of variance evaluators must contend
with.

Five runs per task pass@1 pass@5 passAS
filled: success a single run at least one run all five runs
hollow: failure succeeds succeeds succeed

Task A 090000 5/5 v v
Task B QO x QO O & 3/5 v X
Task C x) x) @ (% (x 1/5 v X
Task D x) (X) x) ) (x 0/5 X X
Across the four tasks 45% 75% 25%

Figure 7: pass@1, pass@k, and passAk computed on the same illustrative runs (k = 5). pass@k credits a task after
a single success, whereas passAk requires every run to succeed.

Reporting point estimates alongside uncertainty with error bars is a standard practice among many
evaluators [182, 279], but evaluations are broadening to specify sources of variation as well. Generalizability
theory, rooted in the field of measurement science, has a long history of formalizing this need for variance
decomposition—and can serve as a framework for tackling these challenges in agent evaluation as well.

One important distinction for rigor in evaluation is between benchmark accuracy—which concerns expected
performance of an agent on a specific benchmark—and generalized accuracy—which concerns the tasks that
get selected into a benchmark relative to the entire population of tasks. That is, benchmark accuracy asks,
“how well would an agent perform on these exact tasks again?” In contrast, generalized accuracy asks, “how
well would an agent perform on new tasks similar to these tasks?” The latter has wider uncertainty because
sampling the tasks themselves adds variance. This distinction between benchmark and generalized accuracy
also has clear roots in measurement science, through latent variable modeling. NIST has explored two
approaches to estimating benchmark accuracy and generalized accuracy. First, a regression-free approach
directly averages across task-level success rates without quantifying capability or difficulty. Second, a
generalized linear mixed model (GLMM) approach estimates benchmark accuracy by averaging over tested
tasks, and estimates generalized accuracy by generating a distribution of possible task difficulties and
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averaging over said distribution. As another example, the HiBayES framework for hierarchical Bayesian
models from the UK AI Security Institute (UK AISI) factors in the families of tasks and domains that can
characterize subdivisions of a larger benchmark [157, 273]. These approaches involve tradeoffs between
efficiency and relying on various assumptions about the benchmark, namely, how tasks are sampled for the
benchmark and the difficulty of those tasks [134].

® BEST PRACTICES

e Conduct repeated runs to measure consistency for each task, and report how many runs were conducted.
Avoid claims relying on low run-to-run variance if only a single run is affordable.

* Ensure that the metric of interest and the stated claim are aligned: report pass@k when it matters whether
an agent can succeed at all, and report passAk for whether it succeeds every time—pass@k should not serve
as evidence of reliability.

* Account for different sources of variance (e.g., judge error) in reported uncertainty, particularly for LLM-as-
judge setups (see Section 1h), where raw scores may understate uncertainty.

le. How can agent evaluations attribute causal changes in performance?

If an agent’s performance does improve in a statistically significant manner, can we pinpoint why? Agent
performance is jointly influenced by the model, scaffold, tool use, budget constraints, the environment,
and how it is evaluated [133]. When several of these components change at once, a statistically significant
impact on performance does not allow us to disaggregate which precise factors drove that change (see
Figure 8). And even when only one component changes, its effect may be attributable not only to the
change in isolation, but rather to interactions with the system as a whole.

For example, an agent scaffold may create variable effects when paired with different models. As the
PaperBench [252] benchmark highlights, some configurations may yield improvements on metrics, while
others may not. This further complicates this question of attribution, and highlights the need to think of
the interaction between model and scaffold in a holistic manner—that is, as a model x scaffold interaction
effect.

(@) Changing both at once (b) Factorial design

Model A Model B Model C Model A Model B Model C
Scaffold 1 Scaffold 1
Scaffold 2 Scaffold 2
Scaffold 3 Scaffold 3
The two runs differ in model and scaffold, so the Every pairing is run with environment and budget
difference cannot be attributed to either one. fixed, separating model effects, scaffold effects and

their interaction.

Figure 8: Attributing a change in agent performance to model vs scaffold. (a) When model and scaffold change
together, their effects are confounded. (b) A factorial design runs every model-scaffold pairing under fixed conditions.

Carefully parsing these factors helps to ensure that causal claims are well supported. Even though agents
are built around a core underlying LLM, improvements or limitations of an agent cannot be used to
infer limitations of a model itself. It is also worth asking whether existing limitations are attributable
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to implementation challenges such as under-elicitation [140, 169].> Indeed, in work such as CORE-
Bench [248], significant gains in performance were made possible by improved scaffolds, even when models
were held constant.

Disaggregating these different components enables greater comparability over time, as models, scaffolds, and
environments evolve independently. The growing need to test in multi-agent settings further complicates
the work to achieve comparability. Attribution therefore requires instituting appropriate controls and
baselines in the experimental design in order to best isolate specific effects; for example, through keeping
budgets and environments fixed, and systematically varying discrete components [132, 300]. And in
continuity with model benchmarks, systematically varying structured prompt templates for agents can help
to facilitate the robustness of causal findings [183].

° BEST PRACTICES

¢ Identify and document clearly different components of an experimental setup—the models used, scaffolds
paired, environments tested, prompts used, and the budget constraints. When comparing agents, hold all
but one component fixed such that any change in performance can be properly attributed.

* Do not attribute an agent’s failure directly to the underlying (language) model, without accounting for
whether improved scaffolding around the model changes the performance profile [140, 248].

* When budget allows, systematically test model x scaffold interaction effects in various permutations, e.g.,
with (fractional) factorial designs—in which multiple independent variables are tested in conjunction.

1f. How can agent evaluations resist contamination?

Evaluating agents involves greater challenges of contamination relative to model evaluations alone. For
model-only evaluations, contamination arises from exposure to evaluation tasks verbatim or with high simi-
larity, through pre-training data, benchmark content, or public test sets [42, 119, 130]. Evaluation datasets
may also leak through direct and indirect channels (e.g., via synthetic data), and lead to overfitting [164].

Agent evaluations introduce additional surfaces for contamination (see Figure 9). Test sample knowledge
may end up directly programmed into the scaffold, prompts, tool use, or other components of the agent
system, even without the scaffold developer’s knowledge, a problem described as “harness-level cheat-
ing” [253]. With access to tool use, agents may be susceptible to search-time contamination, whereby agents
are able to retrieve answers at inference time. Moreover, longer agent trajectories create more opportunities
for potential leakage and raise the costs of inspection.

also present in model evaluation additional surfaces for agents
I 1 I 1
Training data Scaffold and prompts Tool use at test time
benchmark tasks seen knowledge of test samples answers retrieved at inference
verbatim or with high built into the scaffold, time (search-time
similarity during pre-training prompts or tools contamination)

Figure 9: Stages at which contamination can enter an agent evaluation.

Contamination should also not be conceptualized as merely a binary question of whether certain data
is included or not. Between direct memorization and robust generalizability lies a spectrum of more

2Elicitation refers to “getting maximal performance of a model or system on a capability evaluation” [111, 169, 266].
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subtle forms of lack-of-generalization [133, Sec. 5, 54, Sec. 1.3.2], in which agents to various degrees may
exploit knowledge or structural conventions that do not map to environments the benchmark is intended
to measure. Consequently, evaluation should specify the intended level of generalization that a benchmark
aims to test and design accordingly.

@ BEST PRACTICES

* Define secret holdouts appropriate to the level of generality expected of the agent [132], and limit repeated
use and optimization against the holdouts [46, 104, 106].

* Report test-train overlap [307], any benchmark-specific information used to develop the agent system’s
prompts, scaffolds, and tool usage, and create transparency on private testing practices [249].

* Inspect agent trajectories (see Section 1i) for contamination and incorporate clean-room evaluation harnesses
into the testing setup [126].

* When a holdout set is publicly available, update the set regularly with refreshed tasks (Section 1g) such that
benchmark scores do not depend on tasks the agent may already have been exposed to.

1g. What role do dynamic benchmarks play, and what are their tradeoffs?

The term dynamic benchmark is currently an unsettled category and encompasses a broad set of different,
non-exclusive approaches. Here, we use dynamic benchmarks as an umbrella term to include evaluations
whose tasks, environments, or labels change over time or through changes in model or agent behavior.
Dynamic benchmarks are relevant for agents because they rely not only on an underlying model, but also
on scaffolds, tools, and environments, all of which are liable to change over time, and which the agents
themselves may change.

For example, dynamic agent benchmarks may:

* Provide extensible environments that allow new tasks to be updated or modified (e.g., AgentDojo) [62];

* Evaluate agents on “live” data with test sets that are regularly refreshed [120, 299], perhaps using
production traffic [313];

* Compare predictions against new information to test forecasting ability [306];

* Focus on adversarial data collection, where new tests are selected from previous model failures, e.g.,
Dynabench [70, 136];

* Evaluate agents through competition against adaptive agents, e.g., Agent Island [185].

Each of these approaches offers particular responses to certain limitations of static benchmarks. Refreshing
or updating benchmarks with new tasks can aim to mitigate possible contamination—for example, LiveBench
adds new test questions on a monthly basis to resist contamination [299]. Drawing from production traffic
can aim to increase ecological validity. Adversarial data collection can respond to saturation by probing for
new failure modes.

A central tradeoff with modifying and refreshing tasks over time raises the issue of longitudinal compara-
bility; if the evaluation itself is not consistent across different tests over time, how can we compare the
results in a relative sense? While comparability is possible when agents are evaluated against the same
version of a dynamic benchmark, evaluations across different versions may not be comparable. Looking
toward the field of psychometrics may offer solutions to this issue by embracing test equating and linking,
whereby tests are designed such that scores on different versions are interchangeable through a shared
scale (see Figure 10).

Validity remains a first-order concern—just because a benchmark is dynamic does not necessarily ensure
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anchor tasks refreshed tasks that differ in each version

_____________

1 1
Version 1 | :
1 1
. ! ! Scores on a shared scale,
Version 2 ! ! SN )
! ! comparable across versions
1 1
1 1
1 1

Version 3

Figure 10: Test equating for a dynamic benchmark. A common set of anchor tasks links versions whose other tasks
are refreshed. This allows us to place scores on a shared scale.

the test set continues to accurately map to the construct of interest. For example, in forecasting applications,
the set of sampled events needs adequate justification for whether it represents the intended forecasting
domain. Adversarial data collection approaches such as Dynabench intentionally concentrate the data
toward failures. Although this can help to surface specific failure modes that other benchmarks gloss over,
it can also mean that there is a distributional shift away from more realistic usage patterns. Consequently,
performance on such benchmarks may overweight edge cases relative to the conditions under which models
are typically deployed [87, 107, 247].

® BEST PRACTICES

* Apply test equating and linking from psychometrics to ensure a common anchor subset across scores, for
longitudinal comparability.

* Track distribution shifts and regularly revisit whether results validly support claims about the intended
construct.

* Implement version control for each component of the benchmark, to enable reproducibility and comparability
over time.

1h. Where should LLMs judge and monitor agents?

LLM-as-judges (or “autograders”) are becoming a core component for evaluation for open-ended outputs
and in scenarios where human expert graders are costly [103]. For example, OpenAl’s PaperBench develops
outcome-focused judging rubrics for its LLM-based judge, SimpleJudge, and then validates its judgement
of the final submissions against human expert labels using another evaluation, JudgeEval [252]. In recent
work, UK AISI has used a panel of LLM graders from which a median score is reported [221]. LLM-based
judges are also playing a key role in understanding not only outcomes but agent trajectories, for example
through the Agent-as-a-Judge framework [312].

However, this can come with challenges around grader reliability. In effect, who judges the judges? This is
a key question raised when LLM-as-judge setups become integrated into the experimental setup with its
potential to introduce “biases and adversarial vulnerabilities” into the verification process [59]. Relying on
these tools therefore creates another surface requiring evaluation. LLM-as-judges require validation against
appropriate holdouts, such as expert labels. Researchers have also examined evaluating LLM-as-judge
setups using crowdsourced human preferences [308], or through evaluation against response pairs [261].
Another response is to model judge error rather than agreement alone—for example, UK AISI has also
systematically assessed the quality and quantified biases in its LLM-as-judges using generalized linear
models (GLMs) [68]. This judge error should moreover be reflected in how uncertainty is reported, in
particular to inform how error bars are presented when LLM-as-judges are in play.

Alongside LLM-as-judge setups are LLM-based monitors [32] (or “scanners”) which inspect agent trajectories,
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either in real time or after the fact, to flag specific instances of agent behavior. In particular, current
approaches focus on monitoring the agent chain of thought (CoT)—the visible, intermediate reasoning
steps returned by the model within an agent. Monitoring can be valuable for detecting reward hacking,
cheating, or particular unsafe behaviors from agents. However, CoT is not foolproof; using this technique
may not fully surface sandbagging or other scheming behaviors—in effect, the absence of evidence may not
imply evidence of absence [239]. Moreover, LLM-based monitoring also carries risks of overreliance. The
volume of agent trajectories, particularly in multi-agent contexts, is outpacing the ability of evaluators to
manually review this content—a point emphasized in METR’s investigation into the OpenAl-Hugging Face
incident [179]. As manual analysis becomes less feasible, the need for validating monitoring approaches
and quantifying their respective biases becomes even more pressing. We explore these challenges and
different evaluation targets in Section 2g.

® BEST PRACTICES

* Validate autograders and scanners against human-coded holdouts representative of the intended use case
with subject matter expert participation.

* Incorporate targeted manual analysis into automated analysis. In particular, review a subset of the cases a
judge passed/stopped to quantify how many cases might slip by undetected.

* Quantify biases in autograder setups, through human-LLM / human-agent agreement and monitor if/when
training traffic is no longer representative of the object of judgement.

li. What can log analysis reveal beyond outcomes?

Outcomes alone are insufficient for examining agent performance, as they compress an agent’s trajectory
into metrics that may not fully explain why an agent was successful or not (see Figure 11). Logs—the
records generated when using an Al system that may include model inputs and outputs, environmental
interactions, and metadata—offer an opportunity for analyzing evidence from agent trajectories [69, 272].

Log analysis can prove useful for ensuring construct validity and other potential measurement validity
concerns. For example, LLM-aided log analysis for the Holistic Agent Leaderboard (HAL) surfaced instances
of reward hacking and contamination as an agent searched for benchmark answers on Hugging Face [132].
Log analysis can also assist in addressing challenges to (1) internal validity, (2) external validity, and (3)
safety evaluation [140, Table 1]. Log analysis enables identification of failure modes, instances where
shortcuts have been taken, or reward hacking [133, Sec. 5].

Both manual review and automated analysis are complementary to each other. Manually exploring a log
sample can help evaluators develop a rubric for later automatic analysis or monitoring. Manual review
can also help to reveal quality issues hidden by aggregate scores. For example, in METR’s review of its
evaluation methods, manual review was able to identify that algorithmic scoring had overinflated the
performance on certain tasks and obscured reward hacking by accessing the answers via GitHub [173].

However, log analysis has its limitations. First is a question of scale. The sheer volume of agent transcripts,
particularly in the context of multi-agent interactions, limits the feasibility of manual review and increases
reliance on automated review (through usage of an agent or agents). These therefore create their own
confidence issues, a limitation emphasized by METR in their review of the OpenAl-Hugging Face inci-
dent [179, p. 24]. Second, incomplete logs can hinder the ability to fully verify agent trajectories. This is
particularly salient as the frontier labs developing models today only give summarized reasoning, not full
traces—a shift prompted by concerns around possible distillation attacks against these models [184]. And
even when complete logs are available, they may not fully explain specific agent reasoning, particularly
for models which have increased abilities to reason in latent space [143]. Logs might also potentially be
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Agent log (excerpt)

1 think reproduce the results table from the repository

2  tool run: python train.py

3 output error: dataset not found

4 tool search: expected outputs for this benchmark Search-time contamination. The

5 tool open: huggingface.co/datasets/.../answers agent ret.rleves the benchma'rks
answers instead of reproducing

6 think the expected values are listed here; report them them.

7  submit results. json

The outcome alone records a
outcome scored as success V success; only the log shows why it
should not count.

Figure 11: A fictional log excerpt. The outcome records a success, while the log shows that the agent retrieved the
benchmark’s answers rather than reproducing them.

obfuscated via steganography [24] or may otherwise be unintelligible to human evaluators [254]. LLM
classifiers additionally require defining specific target behaviors (e.g., cheating), which may or may not be
labelled correctly. Even for clearly predefined behaviors, lack of recall can also hinder proper detection.

® BEST PRACTICES

* Do not conclude that a clean log analysis record implies an unproblematic task execution; logs have their
own limitations, and absence of evidence is not evidence of absence.

* Conduct both manual and automated log inspection, with and without LLMs (e.g., using Transluce’s
Docent [135, 265], Inspect Scout [168, 272]) [171].

* Ensure availability of agent logs—including full or summarized reasoning traces, tool calls, environment
states—as part of evaluation practices to enable downstream and future analysis (e.g., Epoch Al's log viewer
setup [71]).

1j. What is the value of standardized evaluation infrastructure for agents?

Agent evaluation requires more than a model, prompt, and response-scoring setup. It requires task
specification, engineering to connect models and scaffolds, hosting stateful environments for agents
to operate in, and enforcing consistent restrictions across all test subjects. Standardizing evaluation
infrastructure can promote repeatability and comparability of evaluations. This standardization can
occur at many different layers of the evaluation stack: from running the experiments and setting up the
environments, to testing and reporting the results (see Section 3g). Standardized infrastructure can also
be employed to lower the cost of developing dynamic benchmarks by promoting the ease of updating
discrete benchmark components (see Harbor’s announcement [232]). By clarifying discrete components of
research and experimental design (e.g., log analysis tools, LLM-as-judge deployments), standardization
highlights how and where evaluations diverge, and whether those differences explain different results. If
agent evaluations constitute a “garden of forking paths,” [90] standardization can help make legible where
and how those paths fork. Note that standardization in this sense is not synonymous with conformity to
one “correct” way.

One key example is Inspect [274], an open-source evaluation framework with reusable components of
tasks, agents, scaffolds, evaluation harnesses, and sandboxes. In adopting the Inspect framework, Apollo
Research cited the value of minimizing duplication of effort and greater ease of sharing evaluations and
expertise [25]. Similarly, HAL's common evaluation harness allows for running multiple model and scaffold
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configurations across different benchmarks, alongside standardized reporting of cost [132]; evaluation
formats such as Agentified Agent Assessment (AAA) seek to further standardize the protocols for testing
different agents on different benchmarks [152].

Arenas are another form of shared evaluation infrastructure, enabling relative comparison between models
and between agents. Chatbot Arena established a live platform for aggregating human preferences
via pairwise comparison between different chatbots [53, 262], while Copilot Arena applies the same
method to collect user preferences for code generation within developer environments [52]. Agent Arena
takes a different approach; recognizing the attribution challenges associated with agent systems (see
Section 1e), it implements a causal tracing approach to estimate the effect of different agent components
via randomization [30].

Standardization can also create measurement and governance risks. A widely adopted framework can
concentrate the influence of its default metrics. Shared infrastructure can also blur the line between
training and evaluation. For example, the Harbor framework supports both agent evaluation and reinforce-
ment learning [102]. This can create risks of benchmark overfitting and contamination (see Sections 1f
and 1g) [249].

° BEST PRACTICES

* Before adopting commonly used metrics, verify that they are aligned with the construct under evaluation
for the specific use case. Default assumptions and parameters in such systems shape many evaluations
simultaneously.

* When the same framework is used for both training and evaluation, ensure that evaluation tasks are isolated
from training environments to prevent leakage.

* While a one-size-fits-all approach may not be feasible or necessarily desirable, use a modular approach, with
standardization around a shared set of tools, for deduplicating effort and achieving comparability.

1k. How should red-teaming evolve for agents?

Red-teaming—defined by the Frontier Model Forum as a “structured process for probing Al systems and
products for the identification of harmful capabilities, outputs, or infrastructural threats” [83, 190]—has
become a prominent (though unsettled) component of model safety and security evaluation [5, 79].
Model-focused red-teaming has often been centered around harmful output content and the robustness of
refusal safeguards as objects of evaluation. For agents, red-teaming widens the focus to also scrutinize
scaffold design, tool use, agent environments—across growing lengths of agent trajectories (for a more
downstream-focused discussion, see [2, 121]).

For agents, this broadened attack surface holds some key implications. In effect, there are two cases that
evaluators must contend with; malicious usage (misuse), along with attacks on legitimate use. The former,
in continuity with LLM-only red-teaming, ensures agents and the LLMs at their core are robust to malicious
usage. This remains a key consideration, for example through benchmarks such as AgentHarm [7]. The
latter demonstrates the need for evaluation that systematically accounts for each of these new attack surfaces
and across different attack strategies, for example through red-teaming platforms such as DTap [50]. Doing
so would enable testing across a variety of possible attack surfaces and strategies in a rigorous manner.

Ecological validity is essential to this work. As agents increasingly diffuse into real-world usage, there is a
need to better identify possible cases of misuse, and to understand and anticipate usage by bad actors [15].
Not only in predicting and anticipating future misuse, there is a need to track the current state of usage
and how it may evolve. Drawing from observable user behavior can therefore complement internal testing
under laboratory settings.
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As tool capability grows more powerful, the consequences too are greater. Red-teaming must now also
contend with the overall security of the testing environment—and whether appropriate guardrails and
oversight are in place to detect possible breaches of public infrastructure. This has been well illustrated by
the recent series of cybersecurity incidents from frontier labs, in which agents under evaluation engaged in
malicious behavior beyond their test environments [18, 179, 208, 209] (see Section 2i).

® BEST PRACTICES

* Evaluate misuse (i.e., a user directing an agent with malicious intent) and attacks on legitimate use cases
(e.g., indirect prompt injection through tool outputs), across models, tools, scaffolds, and environments.

e Frame red-teaming not only in the context of deployment, but in testing as well [131]. This requires, for
example, verifying sandbox isolation before running agents with relaxed safeguards or broad tool access.

* When granting agents realistic tool access for ecological validity, decide in advance which real-world effects
are acceptable. During execution, monitor the runs for any attempts to escape these pre-defined boundaries.

11. What can open-world evaluations reveal that benchmarks cannot?

Open-world evaluations complement benchmarks by focusing on the thick description [89] of a small
number of cases involving complex, long-horizon tasks in realistic environments. Whereas benchmarks can
enable measurement across a standardized set of tasks, open-world evaluations rely upon detailed analysis
of agent trajectories to understand how much agents can accomplish, where failure modes exist, and the
points of human intervention. The CRUX open-world evaluation is an illustrative example [128], but so are
earlier examples in this vein such as Anthropic’s experiment to build a C compiler [194].

At first glance, this might be contradictory to the demand for statistical rigor we have discussed (see
Section 1d). Indeed, these are often structured in small-n cases, for which it is not feasible to run dozens of
versions simultaneously. However, benchmarks and open-world evaluations are useful toward different
but complementary goals; benchmarks enable representative coverage over a suite of tasks, and facilitate
measuring averages of performance, cost, reliability, and more. Open-world evaluations, in contrast, can
offer insight into the upper bounds of agent performance, examining the extent to which agents can
operate at the frontier in the real world. Rigor is necessary but looks different in this context—extensive
documentation of trajectories, careful scoping of human intervention, and thorough log analysis.

° BEST PRACTICES

* Present results from open-world evaluations as evidence of what agents can achieve (i.e., upper bounds)
rather than of typical performance. Instead of over-generalizing from a handful of cases, carefully report
the experimental conditions and assumptions (e.g., scaffold, tool access, setup effort, and cost).

* Clearly specify the construct (Section 1a) and metric(s) of interest.
* Document points of human intervention and agent trajectories in detail.
* Incorporate real-time monitoring and analysis of agent trajectories.

1m. How can evaluators interpret agent performance relative to human capabilities?

Human baselines are not new to evaluation; what distinguishes the current state of agent evaluations are
metrics now using human baselines to contextualize agent capabilities. This can take several different
forms; for example, by quantifying performance in terms of human time or comparing the quality of work
between agents and humans.

One approach from evaluators compares agent performance to the amount of time required by human

21



experts to conduct the same task. Benchmarks have quantified tasks with the time required by human
baselines [1, 228], in conjunction with a measure of reliability. For example, METR’s task-completion
time horizon tracks “task duration (measured by human expert completion time) at which an Al agent
is predicted to succeed with a given level of reliability,” e.g., 50% [145, 178] (see Figure 12). Other
benchmarks such as RE-Bench build upon this direction, by varying the amounts of time offered to human
experts and Al agents, to measure performance under different time constraints [300].
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Task duration for a human expert (log scale)

Figure 12: Schematic of a task-completion time horizon: the task duration, measured by human expert completion
time, at which an agent is predicted to succeed with a given reliability (such as, for example, 50%).

Evaluations can also relate to human capabilities by comparing on the quality of deliverables. For example,
OpenArl's GDPval [220] evaluates performance using win rates against human experts [220, Fig. 12],
whereby human evaluators are asked to judge using blind, pairwise comparisons, whether an Al-generated
deliverable is better, tied, or worse than that of a human expert. It also recognizes the potential gaps
in quality and attempts to quantify the time required to fix Al-generated deliverables, through its “try 1
time, then fix it” and “try n times, then fix it” ratios [220, pp. 12-13]. In a similar vein, Human-Relative
Expenditure Saving may serve as a metric to contextualize cost-savings relative to a human’s work on a
task [58].

Underpinning all of these metrics is a particular approach to quantifying and defining work through tasks,
much of which builds upon existing maps of digital work in the economy, namely O*NET, a database
of occupational characteristics and worker requirements across the US economy, maintained by the US
Department of Labor [269]. This approach invites us to think carefully about how tasks are selected and how
they are defined. Indeed, task definition is a crucial hinge for this work; much of this contextualization relies
upon the ability to adequately describe a task and quantify its key components. It is worth asking whether
work can necessarily be discretized into tasks, and the types of interstitial tasks that are missed [260].
And while it would be easy to extrapolate from task completion to broader claims about an entire job or
occupation, such claims raise validity issues around whether task completion can be an appropriate metric
for larger constructs regarding an actual occupation.

® BEST PRACTICES

 Scrutinize how evaluators approach task definition. State what aspects of an occupation tasks claim to cover
(and, importantly, what they do not). Do not assume successful task completion extrapolates to claims about
job automation and replacement.
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* Report uncertainty for human baselines [292], which carry their own measurement error, e.g., from small
expert samples and noisy completion times.

* Quantify levels of reliability, or the additional human work required to turn an agent-generated deliverable
into something of sufficient quality [220, pp. 12-13].

Part 2: Expanding the Research Agenda for Evaluation (“What”)

Part 2 examines the expanding scope of what agent evaluations seek to measure: from capabilities demon-
strated in laboratory settings, to outcomes from human-agent interaction, and, most broadly, to the impacts
on organizations, institutions, and society (see Figure 13). Crucially, evidence at one layer of analysis does
not automatically translate to evidence at another.

We adapt for agents a sociotechnical safety framework which distinguishes between three layers of evaluation
for Al—at the capabilities level, at the human interaction level, and most broadly, the systemic impact
level [294]. This framing is useful for agent evaluation more broadly because the segmentation between
layers highlights how the effects and therefore interpretations of agents differ across scopes; at the capability
layer, evaluation asks what an agent can do under specified conditions; at the human interaction layer,
evaluation asks how performance and outcomes are impacted when agents are structured in feedback
loops with human (and simulated) users; at the systemic impact layer, evaluation examines impacts on
organizations, institutions, and their incentives.

It is important to clarify that not every evaluation in this expanded evaluation scope is necessarily so-
ciotechnical. For example, benchmarks for specific domains and economically valuable tasks are still largely
focused on technical capabilities. Yet economic evaluation also requires separating out these three layers
of evidence for analysis. Sociotechnical evaluation serves as a complement to technical evaluation; both
are valuable and necessary in their own right. Technical evaluation remains crucial to this work, but
understanding whether agents will be safe, useful, and reliable in practice requires viewing agents not only
as technical artifacts, but also as embedded in sociotechnical systems.

Another dimension which extends across each layer of this expanded scope is the distinction between
framing agents toward goals of automation versus augmentation. These two different perspectives shape the
envisioned use and therefore evaluation of agents, at each of these three layers. We note that rather than a
strict dichotomy, these exist on a spectrum of perspective; the automation potential of certain capabilities
paves the way for newly imagined modes of augmentation that incorporate those capabilities.

Automation-focused evaluation has thus far focused on formulating a specific task definition, then measuring
agent performance against that task—whether the agent can complete the task at an acceptable level of
quality, in an appropriate amount of time, and in a reliable manner. Implicit in this evaluation is a particular
vision of work with agents, whereby tightly scoped tasks in existing workflows can be substituted through
work with agents.

In contrast, augmentation-focused evaluation begins from a different set of assumptions. Here, the object
of study and interest is the holistic combination of the agent and the human, situated in workflows and
environments. Thus, comparison is between human-agent collaboration versus some existing baseline
of work [173] (e.g., GDPval’s “try 1 time, then fix it” ratio [220])—do agents improve work? In what
dimensions does improvement matter? How is decision-making delegated or otherwise divided between
humans and agents? These are all questions whose answers may vary depending upon users, tasks,
workflows, environments, and institutional settings.

The automation-augmentation spectrum interacts with the three layers—while much current work at
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the capabilities layer largely reflects an automation framing, human-agent interaction evaluations are
increasingly offering insights from an augmentation framing. And at a systemic level, there are opportunities
to understand and evaluate how both framings shape the nature of work, distributional effects, and
institutions.

Automation Augmentation

Systemic Impact

Human Interaction

Agent
Capabilities

Figure 13: The expanding scope of evaluation—from agent capabilities, to human interaction, to systemic impact. At
each level, the spectrum of evaluation emphasizing automation and augmentation. Note that evidence at one layer
does not necessarily serve as evidence at another.

In Part 2, we examine different facets of an emerging research agenda for agent evaluations; we begin with
discussing the evaluation of human-agent interaction in a spectrum of settings, from small contained exper-
iments in the laboratory setting (single-turn, multi-turn), to field experiments, and lastly to observational
studies of production traffic (see Figure 14). Next, we explore twin trends of economic evaluation pulling
in opposite directions: greater specificity of evaluation into domain-specific and task-specific capabilities,
alongside emerging work to evaluate the aggregate impact on work and organizations. We see how eco-
nomic evaluation rests upon three layers of evidence for agents: their capabilities for economically relevant
tasks, how they are used in work today, and their aggregate impact on work and institutions. Lastly, we
consider agent behavior under evaluation, dangerous capabilities, security concerns, and interactional
harms.

2a. Human-agent interaction: evaluation with simulated users

Agent evaluation is moving toward multi-turn trajectories in which agents use tools, follow policies, and
interact with stateful environments. Evaluating these capabilities alongside human participants can be
costly, making the simulation of users central to this form of evaluation. Yet, current simulation methods
remain a poor substitute for real human interaction.

For example, Tau-bench [304] tests tool usage and database manipulation with an LLM-simulated user. The
evaluation ultimately measures the final state of the database and whether it matches the goal state set by
the benchmark. Another example is Collaborative Gym (Co-Gym) [243], which evaluates the collaboration
process itself in addition to outcomes, and not only simulates conditions with a user simulator, but can also
be used in real-world conditions. Hil.-Bench evaluates the extent to which agents appropriately escalate to
human collaborators when faced with ambiguity, and does so using a simulated human oracle [236].

Simulation in these benchmarks enables greater repeatability in evaluations and allows fine-grained control
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randomized controlled trials

2a 2b 2c 2d
Simulated users Lab experiments Field experiments Observational data
an LLM plays the user randomized trials with randomized trials in real production traffic from
inside a benchmark recruited participants work settings deployed agents

Experimental control and repeatability

Realism and ecological validity

Figure 14: Settings for evaluating human-agent interaction (Sections 2a—2d). Moving from simulation toward
observation trades experimental control for realism.

over evaluation conditions and environments. However, a key question is whether simulated users serve as
an adequate proxy for real users [241]. The Sim2Real gap has quantified the divergence between real and
LLM-based interactive user behaviors, raising concerns that simulated users can be “excessively cooperative,
stylistically uniform, and lack realistic frustration or ambiguity.” [310] In response, there is exploration of
new methods to ground simulations in realistic user conversation [311], along with benchmarks such as
Co-Gym that compare both simulated users and real-world users. Nevertheless, this question of validity
persists.

Benchmarks incorporating simulated users can offer valuable signals around capabilities and potential
failure modes, but should not be taken as clear evidence for how agents will perform in real human settings.
If simulated users are systematically more cooperative and operate with less ambiguity than real human
users, evaluations may inflate the usability of agent deployments in real human use contexts. Instead, they
should be viewed largely as a starting point toward forms of evaluation which offer more realistic depiction
of human usage in practice.

© RESEARCH DIRECTIONS

* For which use cases do findings from simulated users serve as a useful proxy for human ones, and in which
do they not?

* Which failure modes in simulated users most impact the generalizability of study findings?

* What role can targeted participation of human users play toward grounding or validating that of simulated
users?

2b. Human-agent interaction: experiments in the lab

Just as we have defined our object of evaluation as the agent system holistically rather than the underlying
model alone, evaluation can broaden the focus to the human and agent as a team. The concept of “Centaur
Evaluations” focuses on humans and Al working jointly to solve tasks, which directs greater attention
toward an augmentation framing [109]. In the specific domain of coding agent research, scholars have
advocated for “human-centered” coding agents rather than toward pure automation in a similar vein [291].

Randomized controlled trials (RCTs) in the lab generally compare an Al-assisted treatment group with a
baseline control group of humans alone or with existing tools [219]; UK AISI describes this form of Human
Uplift Study (HUS) as the gold standard [277]. Though uplift might result in a boost to productivity, it is
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also possible for Al assistance to have null or even negative effects, for example, by creating new slowdowns.
For example, evidence from METR has drawn attention to the additional time required to fix or otherwise
adjust code generated by agents, which contributed to slowdowns observed in its evaluations [173].

One small scale randomized study found that humans collaborating with agents on computational repro-
ducibility tasks achieved a “statistically significant speedup by about a factor of two.” [186] Early evidence
from usage of GitHub Copilot also pointed to heterogeneous effects on users from different backgrounds,
with benefits more pronounced amongst less experienced software developers [222]. CollabSkill is one
framework focused explicitly on human-agent collaboration, which measures human-agent collaboration
on a set of real-world tasks [244].

The diffusion of coding agents has also created a growing methodological challenge by making it more
difficult to sample and recruit for human uplift studies in the lab: many have already experienced and
incorporated these tools into their workflows, creating greater difficulty in constructing an adequate
“without agent” control group [176].

Performance of human and agent in collaboration is distinct from agent performance alone; understanding
agent impacts on existing workflows requires evaluation that focuses on the interactions between humans
and agents, which at times may produce effects that are not unambiguously helpful, and possibly hetero-
geneous across different populations and workflows. As clear control groups become more difficult to
construct, there is a need to construct new defensible baselines for comparison.

e RESEARCH DIRECTIONS

* How should evaluators define baselines in studies to best reflect the ecological validity of the growing
diffusion of agents?

* What are different population categories (e.g., junior vs. senior expertise) in which agents are likely to have
uneven or disparate impacts on various outcomes?

* Which particular laboratory settings best translate to real-world deployment contexts?

2c. Human-agent interaction: field experiments

Beyond the laboratory setting, field experiments can offer another window into human-agent collaboration,
through assignment of different treatment conditions to real users performing real work. Here, there is
an opportunity for greater ecological validity and measurement within conditions closer to the actual
deployment of these tools. The standard intuition behind these experiments is to compare conditions with
access to agents alongside a standard operating baseline.

In early 2025, METR measured the impact of Al tools on the work of open-source developers across
randomized settings [35], finding that experienced open-source developers were in fact less productive,
with completion time actually increasing among the treatment group. Another example is in the randomized
implementation of agents in Alibaba’s customer service workflows, which simultaneously reduced average
chat length and lowered customer ratings for Al-enabled conversations [289]. Though these findings
are not necessarily generalizable to other agent systems and settings, they complicate the story of agents
necessarily creating positive uplift in specific work and settings, and highlight the potentially unexpected
ways human and agent workflows can be structured [66, 77, 289].

RCTs in the field can be helpful for causal inference on the effects of deployed systems, but are not a
panacea. There remain a number of tradeoffs involved with RCT work for frontier evaluations, including
the tension in the demand for realism versus achieving causal identification, and the speed required to
keep pace with changes in frontier Al versus the rigor needed for robust results [219]. Moreover, field
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experiments need to take into account how the effects of deployed systems may vary over time.

e RESEARCH DIRECTIONS

* What sorts of spillover effects do agents create beyond the specific users themselves?
* How do effects of agents change over time as users adjust to these agents in their workflows?
* In what ways do agents create new winners and losers in different work contexts, and across which outcomes?

2d. Observational data on real-world usage

Observational production data can provide scale and natural behavior, at the cost of causal explanatory
power. Beyond the laboratory setting, production traffic can offer insight into real-world usage of agents in
various settings. This data is useful for upstream evaluation because it can show agents as they are actually
deployed, in service of deriving generalizable knowledge, for example via developing a taxonomy of failure
modes [4]. Pulling from production traffic has a number of distinct advantages; the tasks themselves may
offer greater ecological validity since they reflect real-world usage and surface failure modes beyond the lab
setting [4].

Frontier labs have aggregated production traffic to glean insights from how users are engaging with their
products over time. OpenAl’s “How People Use ChatGPT” study served as an early example [48]. Anthropic’s
work to examine adoption [29] and broader economic impact [13, 22, 29, 101, 163] of these tools also
demonstrates the necessity of production traffic as a source of inquiry. Key to this analysis is the development
of privacy-preserving methods to handle this traffic [11]. Agent evaluations are increasingly drawing upon
tasks from deployed systems rather than relying exclusively on hand-selected benchmark tasks. For example,
OpenAl uses production traffic as a basis for generating evaluation cases, which also reduces the risk of
possible evaluation awareness [301].

Complementing work from frontier labs, independent and open-source datasets can also serve as a source
of insight. SWE-chat [34] draws upon coding agent sessions from the wild to build a comprehensive
dataset around how agents are used in practice. Other examples include Allen Lab’s WildBench [150],
which is drawn from real user conversation logs, or Code Review Bench that reflects real-world developer
behavior [313]. Anthropic announced in August 2026 a pilot program to grant privacy-preserved access to
this data to a small group of labs [17]. Yet, the value of production traffic raises a question of whether
independent evaluators outside of these frontier labs can gain sufficient and continued access to production
traffic.

e RESEARCH DIRECTIONS

* What sorts of coverage issues does production traffic raise—and to what extent can this traffic be contextual-
ized by subsequent user action?

* How can independent evaluators gain access to this data at scale, or devise new crowdsourced alternatives,
in a privacy-preserving manner?

* How can production traffic serve an exploratory purpose for evaluators, to narrow and refine questions to
target causal studies on real-world agent performance?

2e. Domain-specific evaluation

Agent evaluation is becoming more domain-specific, differentiating into forms of knowledge work and
toward greater specialization of benchmarks. Rather than measuring abstract or general capabilities,
benchmarks are now testing agents with domain-specific contexts and evaluating on outputs.
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Whereas evaluations for models alone tested knowledge recall and response, with agents, the evaluation
focus is on their success with relevant workflows in these domains. One domain receiving outsized attention
for evaluation is science. Today evaluations are no longer about querying models for answers on science
knowledge questions. Instead, they are testing whether agents are capable of automating different steps
within scientific workflows [156], such as problem ideation, literature review, deep research [87, 187],
experimentation, hypothesis formation, scientific review [123], and replication [256].

Consequently, this domain-specific specialization carries with it a few methodological changes. Increasingly,
there is a need for expert graders to evaluate the quality of work and deliverables associated with domain
specific experts. The need for expert baselines can be quite costly, particularly if there is a desire to achieve
greater rigor in these human baselines. The increased demand and need for domain-specific evaluation
also creates a wider gap between upstream and downstream evaluation—performance of an agent in the
abstract is less informative, and the effort required to paint a comprehensive picture of agent capabilities
across various domains has been multiplied.

Moreover, domain-specific evaluation thus far has largely embraced an automation framing for evaluation
through completion of discrete tasks and deliverables—a prime example can be found in ongoing work
toward fully automated “Al Scientist” agent frameworks [233]. To build on this work, there remains ample
opportunity to further explore an augmentation framing, examining how agents may reshape human
workflows in different domains. When smaller, more discrete tasks become automated, they carry broader
implications for the larger workflows they sit in. And in both framings, ecological validity is necessary, by
integrating institutional constraints and critical points of human intervention into evaluation design.

e RESEARCH DIRECTIONS

e For what purposes can upstream evaluation through general benchmarks continue to be useful, and which
are now exclusive to domain-specific evaluation?

* How do particular occupational norms and existing skillsets drive differences in impact across domains?

* How does task completion translate to understanding of broader workflows, and how can we better measure
augmentation effects of agent deployment?

2f. Economic impact evaluation

Economic evaluation aims to understand how today’s evidence on agent performance can be translated
into broader claims about work and the economy. Doing so requires separating out three layers of evidence
relevant to this question: (1) understanding the capabilities of agents for economically relevant tasks, (2)
observing how agents are actually used in work today, and (3) the impact of agent usage on workers, firms,
institutions, and the economy writ large (see Figure 15). Crucially, evidence at each of these levels does
not necessarily imply supporting claims made at other levels.

1. Capabilities 2. Usage 3. Impact
what agents can do on 5 how agents are actually used ” effects of agent usage on work
economically relevant tasks L - _» in work today L _ ) and institutions
GDPval, APEX-agents, Anthropic Economic Index, AI Economic Indicators, Causal
Remote Labor Index Al and Economy Atlas Studies

Evidence at one layer does not by itself support claims at another.

Figure 15: Three layers of evidence for economic evaluation, with examples of each.
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The first layer of evidence consists of the growing constellation of capability benchmarks for economically
relevant tasks, contextualizing agent capabilities for various aspects of work. OpenAI's GDPval [220],
though not strictly agent focused, covers 44 occupations across different sectors and evaluates Al-generated
deliverables relevant to those occupations against those of experts. Mercor’s APEX-agents benchmark [281]
examines long-horizon work across a subset of knowledge work industries (see also the less agent-specific
APEX benchmarks [167]). Scale AI and the Center for Al Safety (CAIS) develop an automation-centric
benchmark, the Remote Labor Index, to track agent performance on economically relevant tasks in the
form of freelance work [165, 235]. A key challenge is relating these capability assessments to broader
claims about occupations or the workforce writ large—evaluation suites such as EconEvals offer one step
toward evidence to link capabilities to a simulation-based exposure measure to estimate potential time
savings for workforces [283].

The second layer centers on observational evidence of Al system deployments today. Frontier labs have
a privileged position due to their access to advanced telemetry for production traffic, which enables an
understanding of workers who are using Al and the types of tasks they are using it for, for example through
the Anthropic Economic Index [13, 14, 101], or Google’s Al and Economy Atlas [95]. Moreover, today’s
production traffic for Anthropic increasingly consists of “long-running agentic tasks,” thanks to the adoption
of Claude Code and Cowork [13]. These sources of evidence help to measure diffusion of these tools
and adoption by firms [37, 91]. Nevertheless, while usage statistics offer some insight into adoption and
diffusion of these tools, they alone do not provide causal evidence of economic impact.

The third layer concerns itself with connecting usage to impact and quantifying economic impacts for
workers and firms. Statistics on growth in productivity, improvement in overall final outputs [63], and
the creation and/or reorganization of work are just a few examples of potential metrics of interest. The
Al Economic Indicators from the Stanford Digital Economy Lab track different possible leading indicators
for signs of the aggregate impact on worker displacement, rising capital share, rising rate of productivity
growth [251]. This is one piece of the puzzle; the task is drawing persuasive causal relationships between
use of Al and Al agents and these shifts. Note that this evidence can exist in aggregate, as with the
macroeconomic indicators cited, but results in small-scale settings may also be informative.

At each of these three layers, framings of automation and augmentation shape how different forms of
evaluation are conceptualized and operationalized. The agenda forward requires renewed focus on building
linkages between evidence at different layers, for example to understand the implications of agent proficiency
on certain tasks for their respective occupations, or in comparison to existing human workflows [290].
And while much of the capability benchmarks take on an automation framing, understanding how those
findings may translate to an augmentation framing is a critical area of unmet need [245].

e RESEARCH DIRECTIONS

* How can economic evaluation identify what task-based measures fail to capture (such as the work between
tasks, and the reorganization of roles once tasks are automated)?

* Under what conditions is task-level capability predictive of broader claims about final output, occupations,
or economic outcomes? Conversely, which observed economic effects should motivate new capability
evaluations?

* What additional worker-centric metrics can complement understanding of the impact of agents and shifting
nature of different occupations?
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2g. Agent behavior under evaluation

An agent evaluation can pass with flying colors without having actually measured the underlying behavior
of interest for evaluators. When this occurs, we may describe it as an act of specification gaming [144]—
satisfying the stated evaluation without following the intent of the evaluation—or reward hacking [158,
172, 250]—optimizing for improvement on a metric without necessarily improving performance on the
underlying phenomenon of interest. For example, an agent may find a bug in the scoring mechanism,
or manage to disable a test. Doing so does not, however, require that the agent have known what the
evaluator’s intent is, or to necessarily be in pursuit of active “deception” [125, 237].

A further challenge for evaluation is that of evaluation awareness, a particular iteration of “situational
awareness” [192, 239, 301], in which an agent is able to identify its presence in an evaluation context (see
Figure 16). Evaluation awareness by itself does not imply that an agent will engage in deceptive behavior.
However, conditioned on active evaluation awareness, if an agent modifies its behavior, it creates a new
host of challenges around measurement. Understanding evaluation awareness matters because it carries
serious implications of whether evaluations are valid representations of deployment contexts. At its core,
such agent behavior in an evaluation provokes a question of validity (Section 1a), for the construct, the
benchmark (Section 1b), and the evaluation environment.

There are a few terms to describe behaviors of concern within the context of evaluation and agents broadly.

* Scheming refers to “when a model covertly pursues misaligned goals, hiding its true capabilities and
objectives” [28, 166, 239]. While it does not strictly require evaluation awareness, such conditions
may make measuring scheming more difficult.

» Sandbagging refers to intentional underperformance by an agent during an evaluation [122, 204,
295].

* Alignment faking—selective compliance during training to prevent alterations [96].

Claims about these behaviors require strong evidence. Experiments which surface such behavior demonstrate
that such a capability exists, but do not necessarily demonstrate its prevalence or propensity [99, 257].

requires no knowledge of the evaluator’s intent

Gaming the evaluation Evaluation awareness
the agent identifies that it is in an evaluation

ee s . if it then modifies its behavior:
Specification gaming f ¢ fies its be

satisfying the stated evaluation without following
its intent Sandbagging
intentional underperformance in an evaluation

Reward hacking

optimizing the metric at the expense of the Alignment faking

underlying phenomenon of interest selective compliance during training to prevent
. alterations

Scheming

covertly pursuing misaligned goals while hiding
capabilities and objectives

Figure 16: Agent behavior that can undermine an evaluation, in relation to evaluation awareness.

These challenges mean that monitoring is not only a method (Section 1h), but also itself an evaluation
target. There are two possible challenges to successful monitoring; the monitor itself may not be capable,
or there is insufficient signal from an agent’s reasoning and actions to infer potential misbehavior. OpenAl
defines monitorability as “the degree to which we can identify particular aspects of a model’s actions.” [98]
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Although current CoT monitoring has shown promise, building trust by quantifying the reliability of
monitoring tools is crucial for ensuring the continued utility of these tools. At the same time, there is
caution against optimizing against “bad thoughts” in CoT, since doing so can simply incentivize hiding of
intent and a diminished monitorability for future use [32].

The success of monitoring is also dependent on an underlying question of access. For frontier labs, they have
full access to CoT; conversely, independent external evaluators with standard access may only receive a
summarized version of the reasoning [213], which constrains their ability to achieve sufficient monitorability.

e RESEARCH DIRECTIONS

* How can external evaluators promote better ecological validity of evaluation settings, with respect to
evaluation awareness?

* How can tooling appropriately scale to address broader monitorability risks, and what are associated
overreliance risks?

* For what risks does focus on agent trajectories offer reliable signal, and when does it detract from other
sources of understanding?

* Beyond understanding whether agent behavior is capable of scheming and sandbagging, how can evaluations
estimate how often scheming or sandbagging occurs [99]?

2h. Dangerous capabilities and risk

An agent can amplify model-level risks through greater autonomy and its ability to modify environments.
The defining objective for these concerns is therefore how to translate demonstrated capability, through
these various evaluation frameworks, to risk measurement in production traffic. The nature of deployment
in the real world, and methods through which they may be misused or possibly autonomously initiated,
both influence the credibility of these concerns about agents and how to proceed with quantifying their
relative risk [229].

Dangerous capabilities may include sabotage, when agents covertly undermine the monitoring, evaluation,
or deployment [36]. Moreover, these actions are increasingly conducted via multi-agent frameworks, which
pose a unique set of risks and challenges [100]. Existing evaluations have attempted to induce agent action
toward completing a specified sabotage goal in order to demonstrate the existence of such capability. Such
work is insightful into possible countermeasures against sabotage.

Dangerous capabilities may be operationalized through misuse, when users engage with agents in order to
access dangerous capabilities. In particular, Anthropic’s September 2026 Threat Intelligence Report has
highlighted misuse in various case studies increasingly across different areas of harm such as biological
misuse, cyber offense, scams and fraud, and influence operations; these increasingly rely upon multi-agent
frameworks to conduct malicious action [15]. Some evaluations such as the AgentHarm benchmark aim to
respond to misuse by testing potential jailbreaking attempts, and whether agents remain robust against
those requests [7]. While AgentHarm offers a synthetic environment for evaluation, the need for more
realistic independent evaluation settings is evident.

The agent itself may also serve as the originator of risk, through Autonomous Replication and Adaptation
(ARA) [138, 276]. ARA is concerned with understanding to what extent agents are able to replicate
themselves, with benchmarks such as RepliBench aiming to identify this possible capability [276].

To quantify these risks, marginal risk evaluations represent a useful tool for contextualizing different levels
of risk, by placing a particular concern in comparison to a realistic baseline for potential misuse, such as
with conventional tools [127, 201, 284].
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e RESEARCH DIRECTIONS

* To what extent does performance under simulated or prompted conditions reflect real-world risk?

* What is the realistic baseline of capabilities already available to malicious users, and how much additional
capability do agents provide?

2i. Agent and evaluation security

An agent can be capable of safe behavior, yet remain insecure and susceptible to compromise by adversaries
or flaws in the agent system design. Because an agent extends beyond the underlying model, security
evaluation must examine all components of the agent system. Agents can be compromised through a
variety of new surfaces, through tools, permissions, or scaffolds. A central external threat is indirect prompt
injection [61, 97], in which malicious instructions are embedded in content retrieved by the agent as a
form of “agent hijacking.” [189] This highlights the difficulty of safeguarding the agent scaffold [151].

In addition to the agent itself, the evaluation infrastructure surrounding an agent can also become a target,
raising concerns around evaluation security. For example, in dangerous capability evaluations, evaluators
may choose to evaluate agents with tool access and relaxed safeguards. The recent series of security
incidents disclosed by major frontier developers illustrates the consequences of potential failures. For
example, OpenAl’s agents exploited issues in the evaluation environment to gain Internet access and breach
Hugging Face’s infrastructure, in an effort to obtain benchmark solutions [179, 208, 209, 211]. Anthropic’s
misconfiguration of internet access in its cybersecurity evaluations [18] illustrates the necessity of securing
the sandbox for agents undergoing evaluation. The threat has extended from thinking about the agent and
scaffold to taking into account the entire testing environment.

Here, the issue of evaluation security matters because it represents a key challenge to evaluation validity.
More concerningly, these incidents must force reconsideration of existing evaluation practices, particularly
in effective oversight and monitoring of agents in evaluation settings. The fact that many of these breaches
came to light long after they had already exploited infrastructure highlights that sufficient monitoring is a
necessary direction of research.

° RESEARCH DIRECTIONS

* How can evaluators balance evaluation security with demand for ecological validity?

* What control measures are appropriate for different risks stemming from evaluation security, and how
should public infrastructure be hardened?

* What new approaches to real-time monitoring are necessary to handle the volume of agent transcripts and
more proactively address security incidents?

Figure 17 distinguishes attacks occurring through normal inputs from attempts to cross the isolation
boundaries of the evaluation environment.

2j. Interaction harms

A “secure” agent can still pose harm to users over the course of repeated interactions and in specific patterns
of usage. Interaction harms can arise from feedback loops between a system and a user, when responses
shape a user’s behavior, which in turn shapes the system responses [227, section on Human Autonomy
& Integrity Harms, 118]. Moreover, these harms may not be evident in one particular turn, but require
examining aggregate interaction over time.
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Figure 17: Evaluation often permits agent access to external tools and resources, which can open up new pathways
for shortcut or cheating behavior in an attempt to satisfy task criteria.

These harms are not unique to agents—indeed, current evidence focuses on interaction via conversational
systems. However, the current agentic paradigm, with its longer trajectories and emphasis on multi-turn
interactions, is pushing evaluation beyond merely single-turn model inputs and outputs, in a manner that
is helpful for surfacing the interaction-level concerns [67].

Crucially, the object of evaluation is often the deployed system and user interface rather than the underlying
model itself. This distinction matters because levels of sycophancy, escalation, and delusion reinforcement
can noticeably differ between direct model access and chatbot-mediated interfaces [139, 285]. Again,
questions of attribution arise in terms of identifying sources of harm in system design.

Sycophancy is one concern which illustrates why examining only outputs is insufficient. Only through
evaluation at the human-interaction layer can we make stronger claims about the impact of sycophantic
responses—in how they impact user perceptions of their relationships and satisfaction with real-world
interactions [117]. Sycophantic responses may also decrease willingness to repair interpersonal conflict, all
while engendering trust with the user and facilitating greater dependence [51].

Interactive evaluations may engage human participants or simulated users. One example of multi-turn
simulation includes the MHSafeEval framework, which generates adversarial multi-turn agent interac-
tions [148]. Multi-turn simulations have also been used to examine occurrences of moral deliberative
sycophancy [263] (c¢f. [137]). While simulated users enable broad testing of different scenarios, there
remains a real need to determine whether those findings translate to effects on real people. Whether the
current state of user simulation demonstrates sufficient validity to generalize is an important question.

Interaction harms are necessary to study, but difficult to evaluate—examining interactions with models
and agents only in discrete instances may miss broader concerns that accumulate gradually or emerge over
extended time horizons. To develop better understanding of interaction harms involves not only simulated
users, but complementary evaluation through experiments with real humans and evidence from production
traffic. Lastly, there is a continued need for better methods and metrics to operationalize interaction harms
in an evaluation setting [297].
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e RESEARCH DIRECTIONS

* What metrics can allow evaluations to better measure harms across repeated interactions?

* How can evaluators balance ecological validity alongside risks for research participants under the principle
of beneficence?

* Which interaction harms are genuinely new to agents (i.e., arising from actions taken on a user’s behalf),
and which exacerbate existing concerns from chatbots?

* What new forms of crowdsourced data are necessary to explore these questions, such as incident reporting
programs [216]?

2k. Systemic evaluation

Lastly, there is a need to expand the scope of evaluations to include the effects of agents on institutions
and organizations in which they are embedded. Beyond a question of scaling findings at the human
interaction level, systemic evaluation focuses on the effects of agents on broader incentive structures within
organizations and institutions. While findings at lower layers may be informative, systemic evaluation
requires incorporating those findings into a larger picture of how organizations and institutions change.
As agents increasingly diffuse into different domains, how they reshape these settings merits study. We
are seeing early work discussing the impact on peer review systems [88, 242], crowd work [280], and
information ecosystems [159].

Here, different framings of automation and augmentation may create divergence in outcomes. Some of the
same capabilities in agents, based on how they interact with existing incentive structures, may produce
starkly different systemic effects. Yet there remains work to bring together these various strands of work in
a cohesive manner, and to develop infrastructure to support this work at scale.

© RESEARCH DIRECTIONS

* What institutional mechanisms and incentive structures are agents reinforcing, and which dynamics are
qualitatively changing?

* When can findings from a case study of systemic impact (e.g., peer review at one venue) be expected to
generalize to other organizations?

* What methods are necessary to identify leading indicators or sources of anticipatory insight that allow
evaluators to understand changes of a systemic nature?

Part 3: The Evolving Evaluator Ecosystem (“Who”)

In Part 1, we discussed the new methods and training needed for evaluating Al agents. In Part 2, we
expanded the scope of that evaluation and its overall research agenda. Yet, these methods and objects of
evaluation are not self-evident—they are shaped by who is able to evaluate, under what conditions, and
with what credibility. In this section, we examine the evaluation ecosystem today (see Figure 18) and offer
considerations for current and prospective evaluators.

Who conducts agent evaluations matters because different evaluators bring different constructs, questions,
and methods. The shift from models to agents has made the need for this methodological pluralism far more
visible; as agent trajectories become longer, scaffolds more complex, domains more specific, and patterns of
human intervention more varied, researchers are facing more decisions about how to design, run, measure,
and interpret Al agents [90, 105, 180]. Many of the consequential decisions that were once concentrated
upstream in the work of building benchmarks have, in this new agent paradigm, become more distributed
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across the evaluation process. A healthy evaluator ecosystem does not require identical choices in evaluation
between researchers, but instead embraces heterogeneity by asking for choices to be made visible and
defensible. Embracing methodological pluralism can help build greater confidence in evaluation outcomes
by triangulating between distinct approaches. And when evaluations reach opposing conclusions, that too
is helpful, by surfacing ambiguity and highlighting which design choices were influential in determining
the divergent outcomes.

Fostering this pluralism must necessarily recognize the conditions on the ground for evaluators today,
and the institutional and organizational landscape that shapes their work. We examine what meaningful
independence requires, and probe how access, funding, cost, agenda-setting, and venues influence the
choices available for evaluators. Lastly we examine the growing role of the public sector and the need for
other disciplinary perspectives in the evaluation ecosystem.

Jun 2026
Sep 2023 Feb 2025 Jul 2025 Jan 2026 US House proposes
Anthropic publishes Schmidt Sciences EU publishes the Apollo Research Independent
its Responsible launches an Al safety General-Purpose Al ~ becomes a public Verification
Scaling Policy science program Code of Practice benefit corporation Organizations
2024 2025 2026
Mar 2024 Apr 2025 Sep 2025 Oct 2025 Sep 2026
Researchers propose OpenAl publishes its Anthropic and OpenAl recapitalizes,  Anthropic and
a safe harbor for updated OpenAl report on and its nonprofit ~ Accenture announce
independent Al Preparedness testing with US ~ becomes the OpenAI embedded
evaluation Framework CAISSI and UK AISI Foundation evaluation

Figure 18: Dated developments in the evaluator ecosystem that are discussed in Part 3.

3a. Who evaluates?

Evaluation work today takes place in a variety of different settings. The evaluator ecosystem spans academia,
industry, nonprofits, philanthropies, public sector, and convenings and coalitions from across these sectors.
Industry participants include developers (e.g., from frontier labs), evaluation providers and aggregators,
research organizations, public-benefit corporations (PBCs), and startups, with early discussion of placement
of embedded evaluators—evaluation by external parties within frontier labs [3, 19, 47]. Nonprofits often
conduct evaluations research and concentrate effort toward shared infrastructure. Philanthropies contribute
through grantmaking and funding throughout the ecosystem. Public sector entities can establish standards,
conduct pre-deployment evaluations, and provide regulatory mechanisms toward accountability.

Beyond conducting the direct work of evaluations—running experiments, developing and testing on
benchmarks—others may perform the work of aggregating and synthesizing these existing measurements
via indices and leaderboards. Infrastructure providers build the shared tools and environments necessary
to conduct evaluations. Conveners and standard setters bring together voices from across the ecosystem to
develop shared practices, standards, and calls to action on specific issues. Funders support the work of
independent evaluation by channeling financial support to organizations via grants, requests for proposals,
and bounties. Policy translation can turn technical insights from this ecosystem into actionable information
for policymakers.
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o PRACTICAL CONSIDERATIONS

* Explore opportunities for evaluation work in academia, frontier labs, non-profits, and public sector entities.
Not all necessarily require a traditional academic path via a PhD.

* Examine what functions in the evaluations ecosystem one may best contribute—directly evaluating agents,
interpreting and sharing findings, coalescing standards, communicating with policymakers, or advising
funding of evaluations work.

3b. What does independence require?

Rather than a binary conception of independence, we view independence as multidimensional [154, p. 4,
255], based on relationships with frontier labs, sources of funding and compensation, and the level of
coordination with different actors within the ecosystem. In particular we focus on third-party actors and
emphasize independence as a critical quality for evaluations and evaluators [224]. While third-party
evaluators can carry greater independence in their work, they are not wholly synonymous with independent
evaluators—one can be a third party, while remaining subject to constraints around funding, access,
methods, or disclosure dictated by a frontier Al developer.

Access remains a key determinant for the work of an evaluator. Unlike first parties, third-party evaluators
often cannot, to the same extent and level of granularity, report on aspects such as data provenance, costs,
and infrastructure—topics that have historically been sparsely disclosed by first-party evaluators [230].
Moreover, for agent evaluations, access extends beyond API availability alone; access to raw reasoning
traces from agent runs, realistic tool setups, and rate limits high enough for repeated runs are all necessary
components. While frontier Al developers have offered pre-deployment access for select organizations such
as METR [170], UK AISI, and the US Center for Advancing Innovation and Standards for Super Intelligence
(CAISSI) (formerly the Center for Al Standards and Innovation), many evaluators are restricted to access
post-deployment.

Moreover, access is only the first step. Whether there is truly methodological freedom in designing and
implementing an evaluation is a key facet of independence, which distinguishes evaluation from other
related work such as replication and validation of existing evaluations. Access must necessarily be evaluated
in conjunction with disclosure, whether evaluators are able to share their findings independently [3].
These considerations are reflected in the EU’s General-Purpose Al Code of Practice [73], a voluntary set of
guidelines for Al developers to adhere to the EU’s Al Act—with provisions encouraging adequate access for
qualified independent and external evaluators to models and appropriate compute budgets.

Independence is also conditioned on whether there is an appropriate environment to conduct good faith
evaluations without fear of retaliation or restrictions on future use. In light of these concerns, researchers
have advocated for a legal and technical safe harbor to help foster independent Al evaluation [153]. This
need for clear safe harbor is amplified as deployment drives toward public sector use cases [110, p. 898].
Yet, in the absence of broad safe harbor commitments today, evaluators must closely assess and navigate
these institutional limitations.

The recent discussion around commitments to embedded evaluators offers a clear vehicle for illustrating
these considerations [19, 47]. The act of embedding evaluators addresses preliminary questions of access,
but opens new questions around funding, safe harbor provisions, transparency in disclosure, and methods
that determine the extent to which these arrangements afford true independence [3]. Breaking down
independence into its various dimensions clarifies these discussions by giving concrete form to addressing
different concerns.
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o PRACTICAL CONSIDERATIONS

e Scrutinize funding, access limitations, and conflicts of interest associated with organizations, applying
frameworks such as the AEF-1 standard from the Al Evaluator Forum [255].

* Clarify institutional policies before joining an organization, as legal and technical safe harbor for independent
evaluators remains incomplete [153].

3c. Does lab direction drive evaluations?

Frontier developers are central actors in the broader evaluation ecosystem and can exert substantial
influence on the work of evaluations. They can do so both explicitly and implicitly by shaping evaluations
through model access, funding, and agenda-setting (see Figure 19).

Access: model release, pre-deployment access

Funding: grants, RFPs, in-kind credits

Frontier Agenda-setting: frameworks that define risk and priorities

developers Evaluators

Evaluation results: benchmarks, third-party findings

influence is hardest to observe for accountability evaluations

Figure 19: Channels of influence between frontier developers and evaluators, discussed in Sections 3c and 3d.

First, frontier developers shape the conditions under which evaluation is possible, by virtue of their position
as gatekeepers for the models being evaluated. They determine the conditions under which models are
released, which evaluators receive pre-deployment access, and the restrictions applied to public usage of
their products. The two-tiered approach to model access from frontier labs for the general public versus
trusted parties is an illustrative example [20, 207]. Questions of access therefore influence what systems,
models, and agents are within scope for evaluation at all.

Second, frontier developers shape the material conditions of evaluation. They organize substantial sources
of funding [21, 203], and issue requests for proposals (RFPs) around priority areas they define [10,
200, 210]. They can directly acquire projects, tools, and organizations, or hire talent from evaluation
organizations (and vice versa). Along with financial support, they may also provide in-kind support through
free credits for model access, shaping what projects are feasible for external parties and which are not.
Particularly for external parties, these conditions determine from a resource standpoint whether certain
types of evaluation are feasible or cost-prohibitive.

Third, frontier labs can exert agenda-setting power by defining the structures through which risks are made
legible. Google DeepMind’s Frontier Safety Framework [80], Anthropic’s Responsible Scaling Policy [9],
and OpenAr’s Preparedness Framework [202] offer specific conceptions of risk and safety [174]. These
ideas shape their priorities for research and for funding, along with public attention on key concepts.
Lab-driven initiatives for developing third-party model evaluations enumerate their own definitions of
auditing, evals, and contribute discussion on what constitutes “good” evaluations [8, 204].

This agenda-setting power can also take a more implicit form through directed attention labs signal toward
new domains. Consider when a lab announces it will pursue a particular direction for future work. It is
plausible that such signals shape the actions that evaluators take and the benchmarks they design. On one
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hand, this may be beneficial in that independent evaluators are keen to hold labs accountable by testing
their claims, and thus evaluators follow lab signals to concentrate their efforts on a particular domain.
On the other hand, such dynamics can be troubling if lab responsibilities to evaluate are simply being
offloaded to independent evaluators.

Disambiguating between these two perspectives highlights the need to distinguish independence in methods
from independence in agenda; while independent evaluators may serve a valuable function in exercising
independence in the methods they use to pursue the same questions labs are focusing on, they would be
dependent largely on the scoping and framing of the issue at hand. In contrast, having an independent
agenda would enable evaluators to pursue questions of interest labs explicitly or implicitly choose not
to pursue, but are still of high priority for publics and stakeholders. Disaggregating different forms
of independence enables us to envision how the evaluation ecosystem could be richer in scope and
responsibilities.

These dimensions are all critical for enabling the work of evaluations today. Thus, it is necessary to recognize
and scrutinize these different avenues through which frontier lab behavior impacts evaluators and the
constraints they create. Moreover, with the prospect of embedded evaluators, this dynamic is likely to
grow even more tightly coupled—greater access and funding can further enable rigorous evaluation, while
simultaneously raising fresh questions around disclosure and methodological freedom.

o PRACTICAL CONSIDERATIONS

* When an evaluation adopts risk categories or thresholds (e.g., from a Responsible Scaling Policy or Prepared-
ness Framework), explicitly cite those and note which risks those categories leave out.

* Disclose the conditions attached to model access or credits (e.g., pre-publication review, restricted model
versions) alongside each release of results.

e Identify areas of priority focus and constraints attached to evaluation funding, and reflect on whether they
align with an evaluator’s own research priorities.

3d. Do evaluations drive lab direction?

Conversely, engaging in the work of evaluation necessarily raises a question of influence in the other
direction—do evaluations impact the conduct of frontier labs? This is a causal question as to whether labs
respond to evaluations, and to what extent those evaluations cause changes in behavior. Answering this
question may require, for example, treating the introduction of a benchmark that measures a previously
unmeasured capability as a shock. Does progress accelerate on the newly measured capability, in particular,
relative to adjacent unmeasured capabilities? Do labs begin discussing, reporting, or optimizing against
that metric? These are empirical questions that would help inform our understanding of the underlying
ecosystem dynamics.

One possibility is that evaluations concentrate attention on a small set of familiar metrics that are already
legible to the wider community. Frontier labs may have limited incentives to develop new metrics themselves,
while facing stronger incentives to respond to public pressure around metrics that have already had
considerable attention.

Importantly, these dynamics may differ based on the intended goals of evaluations: for capability evaluations,
evaluator and frontier lab interests may broadly align, so adoption by labs offers a reasonable success
signal that labs are responsive to evaluation motivations and results. In contrast, for accountability
evaluations, evaluator and frontier lab interests are likely to not align. In this case, adoption does not
serve as a viable success metric—in fact negative cases may be systematically unobservable, as evaluations
on which companies perform poorly may not even be reported [249]. Instead, more appropriate signals
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may include uptake of findings by regulators or in mandated disclosure regimes, publication of results
regardless of outcome, and documented change on independent re-evaluation. Policies intended to promote
participation from companies such as a “silent exit” option additionally carry tradeoffs of disclosure and
transparency [175]. Studying this question would therefore require adequate disclosure from frontier labs
and evaluators [41, 255].

A prominent observable case is the direct collaboration between US CAISSI and UK AISI with Anthropic
and OpenAl to conduct pre-deployment evaluation of their models. In September 2025, both frontier labs
stated publicly that these collaborations influenced their approaches, and that identified vulnerabilities
had been patched [12, 205]. These statements are self-reports by the evaluated party. For accountability
purposes, stronger evidence would come from independent re-evaluation after the reported changes, or
from third-party replication of the original findings. Conversely, past work has examined how algorithmic
audits were not accompanied by commitments from auditees to change practices based on findings [57].
Proposed third-party compliance reviews may offer one pathway to achieving accountability between
framework and practice [115].

o PRACTICAL CONSIDERATIONS

 Differentiate between the types of evaluations one is conducting and judge frontier developer participation
accordingly.

* Distinguish capability from accountability evaluations, and treat developer adoption as a success signal only
for the former.

* Plan how a new metric could become visible and address a gap with existing popular metrics (e.g., inclusion
in widely followed leaderboards).

* Track overall how labs and developers respond to new findings (e.g., patches, public statements, policy
changes).

* Do not treat missing results as good news—depending on context, unfavorable evaluations may simply go
unreported [249].

3e. How does funding shape independent evaluation?

Funding is a first-order question as it sets the material conditions for evaluation. Over the past three years,
funding for evaluation has existed at the order of hundreds of millions of dollars; however, the lion’s share
has consisted of private money toward evaluation and benchmarking startups, rather than philanthropic
and research funding toward independent evaluation. Funding can appear in different forms—as financial
support, or as in-kind support, for example from frontier developers in the form of compute and free credits.
Both are consequential for determining what evaluations are possible.

Philanthropy appears to have played a prominent role in shaping independent frontier Al evaluation as
a field. Beyond funding one-off evaluations, philanthropies have been sources of financial support in
standing up new organizations, organizing funding for research fellowships, and generating visibility
for their recipients. Some of the earliest funding came from philanthropies associated with Effective
Altruism (EA) [81] with a focus on Al safety such as Open Philanthropy (now Coefficient Giving) [55] and
the Survival and Flourishing Fund [259]. This support helped to establish organizations such as Apollo
Research and METR (formerly ARC Evals), who received funding early on from these parties, while also
highlighting specific risk priorities in the early stages of field-building. Separately, Schmidt Sciences [238]
has also become a prominent philanthropic funder of evaluations work. From the public sector, UK AISI,
alongside their direct evaluation and standardization work, has also itself become a source of funding
through grantmaking [65, 264].
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Frontier Al developers have also been major sources of funding—in addition to funding via RFPs [10], they
have also contributed to the Frontier Model Forum’s AI Safety Fund [85], a pooled fund from the major
frontier labs in partnership with philanthropic actors. While such pooled structures diversify the influence
of individual developers, they have at the same time created a collective industry source of funding.

Some non-profits have chosen to supplement funding from grants with earned income, in the form of
compensation for services conducted such as audits, monitoring, and infrastructure building. In January
2026, Apollo Research made the decision to transition from a non-profit entity into a Public Benefit
Corporation (PBC), citing the ability to more quickly scale to meet the demand for frontier Al safety
research and shape the market around it [27].

Looking ahead, projected philanthropic efforts from the OpenAl Foundation [212, 214, 215], and An-
thropic’s founders, who have pledged to “give away 80% of their wealth,” [60, 226] may be poised to further
reshape the funding landscape, by creating new centers of influence to shape research and evaluation
priorities [214].

o PRACTICAL CONSIDERATIONS

* Distinguish between financial and in-kind support, and understand how an organization discloses and treats
both categories.

e Identify historical and present funding and how it may shape an organization’s orientation.

* When relying on shared infrastructure, take note of who funds and maintains it.

3f. How do rising costs affect evaluations?

Evaluation costs have grown significantly in tandem with overall expectations for agents—for example, a
full run-through for MirrorCode on Fable 5 costs approximately fifty thousand dollars in API credits [1],
while ExploitBench also reports tens of thousands of dollars per model [147]. This matters because rising
costs narrow the field by more severely restricting the work of evaluations to those who have the resources
to do so [92]. Moreover, these costs may be asymmetric for external evaluators, who must pay API prices to
conduct their work, versus model providers themselves, who are able to conduct evaluations with internal
pricing. These costs are also problematic because they constrain evaluators’ abilities to conduct more
rigorous evaluation and better generalizability, for example through repeated runs and recruitment of
human participants. If independent and high-quality evaluation is worth preserving and strengthening,
evaluation costs represent a fundamental challenge to that vision.

The engineering effort required for evaluations today is not to be understated—the multitude of decisions
concerning scaffold selection, environment setup, and monitoring needs translates into more engineering
work required, in particular for maintaining dynamic benchmarks. Longer time horizon tasks [178, 225,
303], interest in probing frontier capabilities [275], and a focus on reliability [178] are contributing to
rising costs for evaluation. Though a focus on reliability is an important component of achieving statistical
rigor (Section 1d), it is expensive; implementing repeated sampling as part of greater statistical rigor
multiplies cost. Moreover, using human graders at scale, for example in OpenAl’s GDPval benchmark [220],
is expensive both in time and funding. Likewise, recruiting participants for human uplift studies also
reveals the tradeoff between cost and validity—though they are more expensive, they are considered the
gold standard [221]. And though usage of autograders (LLM-as-judges) as a substitute for manual human
evaluation may minimize some costs, measuring bias in LLM-as-judges and calibrating their setup may incur
new costs. Standardization of infrastructure can also shift evaluation costs by distributing its maintenance
across different parties, allowing evaluators to mitigate some experimental setup costs, but that does not
meaningfully change the overall trajectory.
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o PRACTICAL CONSIDERATIONS

* Estimate the full cost of an experimental panel (i.e., per-run API cost x repeated runs x tasks) before
committing, since a full run can reach tens of thousands of dollars per model.

* Jointly factor in cost [92], alongside dimensions of quality, reliability, and accuracy (see Section 1c).

* Allocate sufficient budget for engineering and maintenance, in addition to base API credit costs. Cut run
costs where possible (e.g., via item-level analysis to shrink task sets, Section 1b; or by relying on shared
infrastructure, Section 1j).

3g. Where are the venues for evaluations?

Top ML conferences continue to be a key forum for innovation in evaluations,® but there is significant
evaluation work occurring outside of these peer-reviewed venues. While new benchmarks and ideas are
still being presented through conference papers and posters, there is much being disseminated via blog
posts, reports, “research notes,” [177] GitHub and Hugging Face repositories, arXiv preprints, benchmark
aggregators, and/or appearance in system cards. Many are never submitted to academic peer-review
venues in the first place, yet are frequently cited in the literature.

Evaluators should take note of this current status quo. Moreover, how should we adapt our standards of
credibility, when peer review alone has not caught up, to reflect this fast-paced landscape? From a method-
ological perspective, many of the considerations highlighted in Parts 1 and 2 can help inform that scrutiny.
Do metrics map closely to the construct—is there even a construct defined? How is attribution credited to
changes in different agent components? What is their approach to justifying statistical significance? All
these are necessary considerations, regardless of where the work appears.

Another consideration for credibility is acknowledging the set of emerging reporting standards for evalua-
tions work. Creating greater legibility around how evaluations are presented and reported can serve as a first
step to further scrutiny. For example, the structured format of “safety case” is becoming one such standard
in the form of a structured, evidence-based argument concerning risk associated with a system [23, 33, 94].
Evaluation cards have also been proposed as a standardized reporting format [93], with complementary
dataset formats for capturing the broader experimental context [76]. Beyond formats, there are also new
forms of reporting infrastructure, such as FLARE-AI, to document known vulnerabilities [155], or Weval for
qualitative model evaluation results [56].

For reporting evaluation results, there is a maturing set of benchmark aggregators which facilitate compa-
rability across agents and benchmarks. These are valuable in synthesizing across a variety of benchmarks
and methodologies to give audiences a clear snapshot of the current state of progress in benchmark results.
Conversely, these act as a starting point but are not the final endpoint for understanding and interpreting
the methodology behind evaluations.

o PRACTICAL CONSIDERATIONS

* Look beyond academia as well for the latest research insights, and scrutinize validity and rigor regardless of
venue.

* Invest time to understand other evaluation ecosystems, and distinguish geographic differences in evaluation
norms and goals.

* Embrace voluntary standardized reporting formats and share infrastructure and resources to help reinforce
field-wide standard practices and promote legibility.

3For example, NeurIPS has launched a new evaluations-specific track [193].
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3h. How is the public sector responding?

When the public sector deploys Al, it must balance its role as an operator with a need to protect the rights
of constituents. Doing so requires clear insight into the impacts of these deployments, making evaluation a
key responsibility for the public sector.

There is ongoing experimentation with Al at the state and federal level [110] (e.g., USAi [270]) toward
“modernizing” public services, with envisioned use cases including cybersecurity, emergency-management
coordination, benefits adjudication [162], public service navigation, inter-agency coordination, and statutory
research (e.g., STARA [258]) and simplification (e.g., LaborBench [108]). Yet, systematic evaluation of Al
for such deployments remains nascent. The need for systematic evaluation is amplified by how unavoidable
(or even invisible) these systems may be for constituents in daily life. Systematic evaluation involves
assessing whether Al is even appropriate for a proposed use case, to what extent a deployment is feasible,
and whether it would work reliably for populations of interest, both in pre-deployment testing and in
deployment.

Taking evaluation seriously as a governmental process requires a mindset shift to think of evaluation as a
lifecycle [188, pp. 10, 20, Fig. 2, 197], not a one-off product procurement [162]. To say that an Al system
passes inspection prior to deployment only offers limited insight into its impacts in the field [188, p. 6].
The challenge, then, is to develop government capacity to enable evaluation to become a sustained process
that understands how deployments can shift over time and monitors accordingly.

In addition to the role of a direct evaluator, the public sector can also play a critical role as a regulator.
Legislation such as the EU AI Act [75], which has taken effect in stages since 2024, and at the state level,
California’s Transparency in Frontier Artificial Intelligence Act (Senate Bill 53) [45], lay out what the role
of regulation may play in this budding ecosystem. The EU Al Act, along with the associated voluntary Code
of Practice [73], clarifies responsibilities of providers of general purpose Al models, with special attention
toward systemic risks, and incident disclosure. California’s SB 53 places an emphasis on transparency and
disclosure for developers.

In service of sustained evaluation, public sector leadership in evaluations is necessary for building long-term
capacity, agenda-setting for evaluation direction, channeling public input, and connecting evaluation to
regulatory consequences [196]. Public sector leadership for evaluation can come in many forms. Two
examples for public institutions are the US CAISSI and UK AISI bodies, which serve a mixture of functions,
including direct evaluation, standard setting, policymaker communication, and in the case of UK AISI,
research grantmaking [65, 264].

But leadership can be more abstracted from the work of evaluation itself. Proposed quasi-public account-
ability mechanisms such as Independent Verification Organizations (IVOs) [271] may also have a role
to play. In this setup, a governmental authority defines an outcome for verification, then asks certified
independent evaluators, dubbed IVOs, to operationalize these into metrics for evaluation. IVOs then verify
whether those criteria are met. IVOs therefore hold power in how they approach this operationalization
work and the measurement itself, even if the ultimate target is set by a governmental body, perhaps through
a democratic deliberative process [78] (cf. [296]). Here, the work of evaluations is split between the
governmental authorities and independent evaluators, who may come from nonprofits or academia.

o PRACTICAL CONSIDERATIONS

* Evaluate AI deployments with respect to status quo baselines (e.g., marginal risk evaluations) [84].

* Engage actively with public sector evaluation bodies (e.g., US CAISSIL, UK AISI, EU Al Office [74]) to inform
new evaluation agendas.
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* Plan public sector evaluations as a lifecycle that encompasses post-deployment through ongoing monitor-
ing [188].

3i. Where are the entry points for different disciplines?

As agents become integrated into new environments and contexts, the shift from laboratory to practice
has opened the door to new disciplinary perspectives, particularly those from the social sciences. We have
discussed how benchmarks themselves are facing much more scrutiny in how they define and operationalize
abstract concepts into measurement; these are questions social scientists are well acquainted with. Social
scientists offer valuable insight into these challenges of validity, but also in areas such as experimental
design leveraging real-world data, new frameworks for interaction harms, and perspectives on systemic
impacts. Moreover, social scientists can shed light on potential structural impacts on institutions and
organizations.

The forms of agent evaluations are changing, expanding beyond binary success variables to more nuanced
assessments of agent trajectories. Evaluation is bringing a renewed focus to qualitative evidence, in the
form of agent trajectories, transcript analyses, and safety cases. Moreover, evaluation is broadening beyond
benchmarks, taking on new forms centering this qualitative focus, including open-world evaluations [128].

Despite this growing interest and need in interdisciplinary approaches, it is important to acknowledge
that the inertia of Al evaluation remains largely within the discipline of computer science. Recent work
has argued that societal Al research has become less interdisciplinary—while the scope of evaluation is
broadening, participation in that evaluation is not [160]. There are a series of barriers in play: the resources
and engineering costs associated with agents are significant, particularly for those outside existing work.
The historical centering of existing AI/ML conferences and venues has created a larger moat for those
outside those venues, and agenda-setting concentrates attention on a select number of research directions
and questions.

Although computer scientists may be extending into interdisciplinary work rather than bringing in those
from other disciplinary backgrounds, representation of other fields in evaluators themselves is consequential
because of the distinct methods, research norms, and assumptions they carry into their work. Here are a few
ways in which participation from different disciplines may benefit a cohesive science of agent evaluations
(see Figure 20):

For Human-Computer Interaction (HCI). Human and agent interactions are being structured in evolving
paradigms—evaluation work frequently concerns the human-interaction loop, and HCI researchers are
well positioned to bring their insights to this work. HCI's familiarity with producing extensive artifacts and
revising and refining taxonomies has clear applications to the work of evaluations today [86]. Moreover, HCI
can bring a host of methods to bear such as user studies, diary and longitudinal studies for interaction harms
and to investigate questions of overreliance on Al In Part 2, we discussed the dominant augmentation and
automation lenses applied to agents today; HCI can give concrete form to alternative modes of interaction.

For Measurement Science. There is a clear case for applying the extensive literature, vocabulary, and tooling
currently present in several disciplines, including educational and psychological measurement, to the
challenges of validity (Section 1a), reliability (Section 1d), equating (Section 1g) and generalizability
(Section 1d) for agent evaluations. Moreover, while psychometricians have largely been absent from the
work of Al evaluation so far, the nascent field of agent evaluation can benefit from their participation [288].

For Economics. Wider diffusion of agents has made measuring their effects more difficult, as clean RCT
setups with agent-excluded baselines become harder to implement, particularly for sampling and recruiting
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Measurement science Human-computer interaction Economics

« validity arguments for constructs and * role of simulated users (2a-2c) e from task performance to occupations
metrics (1a) * interaction harms and overreliance (2j) and the economy (2f)

* reliability and generalizability of * alternatives to the automation vs * causal inference from observational
scores (1d) augmentation framing diffusion data (2d)

* item analysis and equating for * costs and incentives that determine who
benchmarks (1b, 1g) can evaluate (3f)

A cohesive science of agent evaluation

Sociology and anthropology Law Political science
» how deployments reshape work and « safe harbor and disclosure rights for * democratic accountability of public
institutions (2k) evaluators (3b) evaluation (3h)
* harms and priorities as people * liability and insurance for agents * design of verification institutions such as
experience them * due process in public-sector IVOs (3h)
* the evaluator ecosystem: labs, funders, deployments (3h) » agenda-setting power of labs, funders
independence (3b-3e) and states (3¢)

Figure 20: Fields whose expertise can shape agent evaluation. We treat the selection as illustrative, not exhaustive.

in human uplift studies [176]. Moreover, the results from these existing gold standard approaches may not
translate to the macro questions about agents and their impacts which are increasingly of interest. Here,
economists may be able to bring their methods to bear on the messy data that has accompanied diffusion,
and parse the effects of agents through natural experiments, quasi-experimental methods, and rigorous
interpretation of the observational data available.

For Sociology and Anthropology. Ethnographic methods may be valuable toward anticipatory goals. How is
implementation on the ground impacting individuals and institutions, and what sorts of challenges are
evident thus far? Where are areas of greatest evaluation need according to public interest or concern [38]?
How can we ensure the focus of evaluation not only addresses specific iterations of long-term risk, but also
immediate risks that publics are grappling with today?

For Political Science. Building on existing model-centric work from political scientists to evaluate model
responses [195, 298], there are new opportunities to examine how usage of agents extends and informs
the role of LLMs as gatekeepers for political content. Additionally, perspectives from computational social
science may be especially well suited to examining the questions of external validity, particularly if access
to production traffic becomes more widely available to independent evaluators. Growing public sector
involvement in the work of evaluation activates longstanding debates about the extent to which regulatory
action is accountable to democratic input. At what stages of the evaluation pipeline is there accountability
to the public? What role does the public have in the experimentation involved? [141]

For Law. Evaluation needs within the public sector will require comprehensive legal safe harbor [153]
and adequate due process with respect to Al deployments [110]. Moreover, the technical conception of Al
“agents” maps poorly onto common law definitions of agents and agency [142]—yet, doctrines of apparent
authority and apparent agency may still be relevant in instances of harm from agents [64]. The growing
causal attribution challenge for Al agents across models, scaffolds, and tools also holds consequences—if an
Al agent does cause harm, how does liability get assigned across these different components, particularly if
they are maintained and provided by different parties? Moreover, how do these causal questions help inform
applications of the least-cost avoider principle as applied to agent risks [44]? Liability and insurance regimes
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for Al agents may also shape conceptions of risk that will inform the perceived need for evaluations [267].

o PRACTICAL CONSIDERATIONS

e Collaborate with disciplinary perspectives suited to the questions of interest, not just by adopting their
questions or methods.

* Draw upon the extensive literature from different disciplines, particularly for questions of validity and rigor.

* Recognize existing technical barriers to participation and connect new disciplinary perspectives to sufficient
engineering capacity.

Conclusion

The work ahead must take place within a cohesive field of agent evaluation. This field is inherently inter-
disciplinary and spans several communities. Many of the challenges for agent evaluation are long familiar
to those in other fields—for example, in defining constructs, assessing validity, and enabling comparability.
Confronting the urgent need for reliable evidence requires coordination across communities to more effec-
tively address common methodological and organizational challenges, and to ensure independence, obtain
sufficient access, and pool resources.

Organizing a science of agent evaluation requires, in essence, recentering old concerns around validity
and rigor within a new paradigm. Doing so allows us to adapt and respond to the shifts brought about by
agents, by examining our current set of methods, metrics, and research questions and assessing whether
they are still fit for the moment. As agents continue to evolve, there is a need to revisit and re-evaluate
the assumptions and framings under evaluation—and whether the benchmarking paradigm, which has
structured so much progress and evaluation thus far, continues to serve us well. Even in the questions we
ask and evidence we gather, we must assess whether findings at one level of analysis necessarily hold for
another.

All this depends upon fostering the conditions necessary for evaluators to pursue these questions of interest.
Drawing upon different disciplinary perspectives to do this work must take form as a two-way street; both
current and prospective evaluators can work together to translate shared challenges between vocabularies
and concepts. Only then can agent evaluation form a cohesive core, rather than a fragmented set of
evaluators pursuing the same challenges in isolation.

We refer to these as emerging trends to emphasize their developing status—infrastructure that continues
to be refined, unanswered challenges waiting to be tackled, standards yet to be formed. There is a clear
window now to bring in new participants, methods, and ideas for agent evaluations, and to meet the
pressing need for rigorous evidence in a fast moving space.
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Appendix A: Best Practices, Research Directions, and Practical
Considerations

A.1 Best practices

Table 3: Best practices

Section

Best practices

la. How does validity change
for agents?

1b. How should we evaluate
benchmark quality?

1c. What should agent evalu-
ations measure beyond accu-
racy?

1d. How can agent evalua-
tions achieve statistical rigor?

Define explicitly the underlying construct before choosing a metric. Walk through
different ways that metric might be gamed by an agent strategy which lacks the
capability of interest.

Scrutinize the validity of evaluation results and the claims they support (e.g., using
a validity framework [234]), and how they rely on construct, internal, and external
validity.

Apply appropriate tooling (e.g., log analysis) to inspect possible sources of validity
error—for example, through shortcuts, contamination, or reward hacking [186].
We explore these methods in greater detail in Sections 1h and 1i.

Use saturation on one metric as a trigger for deeper benchmark scrutiny.

Check for the possibility of impossible tasks, incorrect grading, task errors, and
usage of shortcuts to review benchmark validity.

Apply item-level analysis (e.g., Item Response Theory (IRT) from measurement
science) to determine which benchmark tasks continue to discriminate among top
agents, possibly to repurpose subsets into more efficient benchmarks [191].

Report accuracy jointly with an appropriate notion of cost (e.g., monetary value,
latency) and illustrate the tradeoff as a Pareto curve [133] (see Figure 6).
Measure reliability as a metric in its own right and set an acceptable threshold
scaled to the specific deployment scenario.

Clarify what model-scaffold combinations are being measured, to better understand
model x scaffold interaction effects.

Conduct repeated runs to measure consistency for each task, and report how many
runs were conducted. Avoid claims relying on low run-to-run variance if only a
single run is affordable.

Ensure that the metric of interest and the stated claim are aligned: report pass@k
when it matters whether an agent can succeed at all, and report passAk for whether
it succeeds every time—pass@¥k should not serve as evidence of reliability.
Account for different sources of variance (e.g., judge error) in reported uncertainty,
particularly for LLM-as-judge setups (see Section 1h), where raw scores may
understate uncertainty.
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Source subsection

Best practices (continued)

le. How can agent evalua-
tions attribute causal changes
in performance?

1f. How can agent evalua-
tions resist contamination?

1g. What role do dynamic
benchmarks play, and what
are their tradeoffs?

1h. Where should LLMs judge
and monitor agents?

li. What can log analysis re-
veal beyond outcomes?

Identify and document clearly different components of an experimental setup—the
models used, scaffolds paired, environments tested, prompts used, and the budget
constraints. When comparing agents, hold all but one component fixed such that
any change in performance can be properly attributed.

Do not attribute an agent’s failure directly to the underlying (language) model,
without accounting for whether improved scaffolding around the model changes
the performance profile [140, 248].

When budget allows, systematically test model x scaffold interaction effects in
various permutations, e.g., with (fractional) factorial designs—in which multiple
independent variables are tested in conjunction.

Define secret holdouts appropriate to the level of generality expected of the
agent [132], and limit repeated use and optimization against the holdouts [46,
104, 106].

Report test-train overlap [307], any benchmark-specific information used to de-
velop the agent system’s prompts, scaffolds, and tool usage, and create transparency
on private testing practices [249].

Inspect agent trajectories (see Section 1i) for contamination and incorporate clean-
room evaluation harnesses into the testing setup [126].

When a holdout set is publicly available, update the set regularly with refreshed
tasks (Section 1g) such that benchmark scores do not depend on tasks the agent
may already have been exposed to.

Apply test equating and linking from psychometrics to ensure a common anchor
subset across scores, for longitudinal comparability.

Track distribution shifts and regularly revisit whether results validly support claims
about the intended construct.

Implement version control for each component of the benchmark, to enable repro-
ducibility and comparability over time.

Validate autograders and scanners against human-coded holdouts representative
of the intended use case with subject matter expert participation.

Incorporate targeted manual analysis into automated analysis. In particular, review
a subset of the cases a judge passed/stopped to quantify how many cases might
slip by undetected.

Quantify biases in autograder setups, through human-LLM / human-agent agree-
ment and monitor if/when training traffic is no longer representative of the object
of judgement.

Do not conclude that a clean log analysis record implies an unproblematic task
execution; logs have their own limitations, and absence of evidence is not evidence
of absence.

Conduct both manual and automated log inspection, with and without LLMs (e.g.,
using Transluce’s Docent [135, 265], Inspect Scout [168, 272]) [171].

Ensure availability of agent logs—including full or summarized reasoning traces,
tool calls, environment states—as part of evaluation practices to enable downstream
and future analysis (e.g., Epoch Al’s log viewer setup [71]).
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Source subsection

Best practices (continued)

1j.  What is the value of
standardized evaluation in-
frastructure for agents?

1k. How should red-teaming
evolve for agents?

11.  What can open-world
evaluations reveal that bench-
marks cannot?

1m. How can evaluators inter-
pret agent performance rela-
tive to human capabilities?

Before adopting commonly used metrics, verify that they are aligned with the
construct under evaluation for the specific use case. Default assumptions and
parameters in such systems shape many evaluations simultaneously.

When the same framework is used for both training and evaluation, ensure that
evaluation tasks are isolated from training environments to prevent leakage.
While a one-size-fits-all approach may not be feasible or necessarily desirable,
use a modular approach, with standardization around a shared set of tools, for
deduplicating effort and achieving comparability.

Evaluate misuse (i.e., a user directing an agent with malicious intent) and attacks
on legitimate use cases (e.g., indirect prompt injection through tool outputs), across
models, tools, scaffolds, and environments.

Frame red-teaming not only in the context of deployment, but in testing as
well [131]. This requires, for example, verifying sandbox isolation before running
agents with relaxed safeguards or broad tool access.

When granting agents realistic tool access for ecological validity, decide in advance
which real-world effects are acceptable. During execution, monitor the runs for
any attempts to escape these pre-defined boundaries.

Present results from open-world evaluations as evidence of what agents can achieve
(i.e., upper bounds) rather than of typical performance. Instead of over-generalizing
from a handful of cases, carefully report the experimental conditions and assump-
tions (e.g., scaffold, tool access, setup effort, and cost).

Clearly specify the construct (Section 1a) and metric(s) of interest.

Document points of human intervention and agent trajectories in detail.
Incorporate real-time monitoring and analysis of agent trajectories.

Scrutinize how evaluators approach task definition. State what aspects of an
occupation tasks claim to cover (and, importantly, what they do not). Do not
assume successful task completion extrapolates to claims about job automation
and replacement.

Report uncertainty for human baselines [292], which carry their own measurement
error, e.g., from small expert samples and noisy completion times.

Quantify levels of reliability, or the additional human work required to turn an
agent-generated deliverable into something of sufficient quality [220, pp. 12-13].

A.2 Research directions
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Table 4: Research directions

Section

Research directions

2a. Human-agent interac-
tion: evaluation with simu-
lated users

2b. Human-agent interaction:
experiments in the lab

2c. Human-agent interaction:
field experiments

2d. Observational data on
real-world usage

2e. Domain-specific evalua-
tion

2f. Economic impact evalua-
tion

For which use cases do findings from simulated users serve as a useful proxy for
human ones, and in which do they not?

Which failure modes in simulated users most impact the generalizability of study
findings?

What role can targeted participation of human users play toward grounding or
validating that of simulated users?

How should evaluators define baselines in studies to best reflect the ecological
validity of the growing diffusion of agents?

What are different population categories (e.g., junior vs. senior expertise) in which
agents are likely to have uneven or disparate impacts on various outcomes?
Which particular laboratory settings best translate to real-world deployment con-
texts?

What sorts of spillover effects do agents create beyond the specific users themselves?
How do effects of agents change over time as users adjust to these agents in their
workflows?

In what ways do agents create new winners and losers in different work contexts,
and across which outcomes?

What sorts of coverage issues does production traffic raise—and to what extent
can this traffic be contextualized by subsequent user action?

How can independent evaluators gain access to this data at scale, or devise new
crowdsourced alternatives, in a privacy-preserving manner?

How can production traffic serve an exploratory purpose for evaluators, to narrow
and refine questions to target causal studies on real-world agent performance?

For what purposes can upstream evaluation through general benchmarks continue
to be useful, and which are now exclusive to domain-specific evaluation?

How do particular occupational norms and existing skillsets drive differences in
impact across domains?

How does task completion translate to understanding of broader workflows, and
how can we better measure augmentation effects of agent deployment?

How can economic evaluation identify what task-based measures fail to capture
(such as the work between tasks, and the reorganization of roles once tasks are
automated)?

Under what conditions is task-level capability predictive of broader claims about
final output, occupations, or economic outcomes? Conversely, which observed
economic effects should motivate new capability evaluations?

What additional worker-centric metrics can complement understanding of the
impact of agents and shifting nature of different occupations?
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Source subsection

Research directions (continued)

2g. Agent behavior under
evaluation

2h. Dangerous capabilities
and risk

2i. Agent and evaluation se-
curity

2j. Interaction harms

2k. Systemic evaluation

How can external evaluators promote better ecological validity of evaluation set-
tings, with respect to evaluation awareness?

How can tooling appropriately scale to address broader monitorability risks, and
what are associated overreliance risks?

For what risks does focus on agent trajectories offer reliable signal, and when does
it detract from other sources of understanding?

Beyond understanding whether agent behavior is capable of scheming and sand-
bagging, how can evaluations estimate how often scheming or sandbagging occurs
[99]?

To what extent does performance under simulated or prompted conditions reflect
real-world risk?

What is the realistic baseline of capabilities already available to malicious users,
and how much additional capability do agents provide?

How can evaluators balance evaluation security with demand for ecological valid-
ity?

What control measures are appropriate for different risks stemming from evaluation
security, and how should public infrastructure be hardened?

What new approaches to real-time monitoring are necessary to handle the volume
of agent transcripts and more proactively address security incidents?

What metrics can allow evaluations to better measure harms across repeated
interactions?

How can evaluators balance ecological validity alongside risks for research partici-
pants under the principle of beneficence?

Which interaction harms are genuinely new to agents (i.e., arising from actions
taken on a user’s behalf), and which exacerbate existing concerns from chatbots?
What new forms of crowdsourced data are necessary to explore these questions,
such as incident reporting programs [216]?

What institutional mechanisms and incentive structures are agents reinforcing,
and which dynamics are qualitatively changing?

When can findings from a case study of systemic impact (e.g., peer review at one
venue) be expected to generalize to other organizations?

What methods are necessary to identify leading indicators or sources of anticipatory
insight that allow evaluators to understand changes of a systemic nature?

A.3 Practical considerations
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Table 5: Practical considerations

Section

Practical considerations

3a. Who evaluates?

3b. What does independence
require?

3c. Does lab direction drive
evaluations?

3d. Do evaluations drive lab
direction?

3e. How does funding shape
independent evaluation?

3f. How do rising costs affect
evaluations?

Explore opportunities for evaluation work in academia, frontier labs, non-profits,
and public sector entities. Not all necessarily require a traditional academic path
via a PhD.

Examine what functions in the evaluations ecosystem one may best contribute—
directly evaluating agents, interpreting and sharing findings, coalescing standards,
communicating with policymakers, or advising funding of evaluations work.

Scrutinize funding, access limitations, and conflicts of interest associated with
organizations, applying frameworks such as the AEF-1 standard from the Al Evalu-
ator Forum [255].

Clarify institutional policies before joining an organization, as legal and technical
safe harbor for independent evaluators remains incomplete [153].

When an evaluation adopts risk categories or thresholds (e.g., from a Responsible
Scaling Policy or Preparedness Framework), explicitly cite those and note which
risks those categories leave out.

Disclose the conditions attached to model access or credits (e.g., pre-publication
review, restricted model versions) alongside each release of results.

Identify areas of priority focus and constraints attached to evaluation funding, and
reflect on whether they align with an evaluator’s own research priorities.

Differentiate between the types of evaluations one is conducting and judge frontier
developer participation accordingly.

Distinguish capability from accountability evaluations, and treat developer adop-
tion as a success signal only for the former.

Plan how a new metric could become visible and address a gap with existing
popular metrics (e.g., inclusion in widely followed leaderboards).

Track overall how labs and developers respond to new findings (e.g., patches,
public statements, policy changes).

Do not treat missing results as good news—depending on context, unfavorable
evaluations may simply go unreported [249].

Distinguish between financial and in-kind support, and understand how an orga-
nization discloses and treats both categories.

Identify historical and present funding and how it may shape an organization’s
orientation.

When relying on shared infrastructure, take note of who funds and maintains it.

Estimate the full cost of an experimental panel (i.e., per-run API cost x repeated
runs x tasks) before committing, since a full run can reach tens of thousands of
dollars per model.

Jointly factor in cost [92], alongside dimensions of quality, reliability, and accuracy
(see Section 1c).

Allocate sufficient budget for engineering and maintenance, in addition to base
API credit costs. Cut run costs where possible (e.g., via item-level analysis to shrink
task sets, Section 1b; or by relying on shared infrastructure, Section 1j).
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Source subsection

Practical considerations (continued)

3g. Where are the venues for
evaluations?

3h. How is the public sector
responding?

3i. Where are the entry points
for different disciplines?

Look beyond academia as well for the latest research insights, and scrutinize
validity and rigor regardless of venue.

Invest time to understand other evaluation ecosystems, and distinguish geographic
differences in evaluation norms and goals.

Embrace voluntary standardized reporting formats and share infrastructure and
resources to help reinforce field-wide standard practices and promote legibility.

Evaluate Al deployments with respect to status quo baselines (e.g., marginal risk
evaluations) [84].

Engage actively with public sector evaluation bodies (e.g., US CAISSI, UK AISI, EU
Al Office [74]) to inform new evaluation agendas.

Plan public sector evaluations as a lifecycle that encompasses post-deployment
through ongoing monitoring [188].

Collaborate with disciplinary perspectives suited to the questions of interest, not
just by adopting their questions or methods.

Draw upon the extensive literature from different disciplines, particularly for
questions of validity and rigor.

Recognize existing technical barriers to participation and connect new disciplinary
perspectives to sufficient engineering capacity.
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