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Abstract

The significance of tasks entrusted to LLM-
based assistants (agents) and the associated so-
cietal risks are increasing each year. Agents
are being explored in critical domains such as
medicine, finance, law, infrastructure, and other
sensitive applications that require system trans-
parency and high user trust. The quality of
these agents is typically evaluated by accuracy,
sometimes extended to partial correctness. In
this position paper, we argue that this focus on
outcomes is insufficient as it can obscure risky
agent behaviours such as skipping critical steps,
hallucinating tool use, relying on outdated para-
metric knowledge and other means of bypass-
ing recommended processes. Our core position
is that a holistic agent evaluation must include
process evaluation, especially for critical ap-
plications. We conduct a small-scale study to
assess the feasibility of automatic process eval-
uation, present a compliance score, analyse use
cases of bad and good behaviours, and offer
recommendations for more holistic evaluation.

1 Introduction

Agents are complex, autonomous software systems,
more commonly referred to as research (sometimes
personal) assistants. They are powered by frontier
Large Language Models (LLMs) and augmented
with a variety of external tools such as code in-
terpreters and web browsers (Anthropic, 2025a,c;
Google, 2025a,b). Recently, we have witnessed a
rapid increase in their adoption by the wider pub-
lic, and increasingly so for complex tasks in high-
stakes applications (Appel et al., 2025). These sys-
tems are utilised in scientific discovery (Gottweis
et al., 2025), medicine (Gorenshtein et al., 2025),
infrastructure protection (Yigit et al., 2025), finance
(Sai et al., 2025), software development (Holt et al.,
2023), law (Marcos, 2025) and other critical ap-
plications. This proliferation has led to premature
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assumptions about their reliability and general ca-
pability, which now extends beyond research and
technical domains (Maslej et al., 2025). Businesses
increasingly integrate them into workflows, while
users turn to them for information gathering and
verification, even companionship (OpenAl, 2025b).
Despite this widespread adoption, evaluation has
primarily focused on outcomes (Mialon et al., 2023;
Wei et al., 2025; Wolfson et al., 2025), such as ac-
curacy and/or partial correctness. Little attention is
paid to the processes by which these systems gener-
ate answers, which can compromise their reliability
and trustworthiness. Agentic systems feature in-
creasingly sophisticated, tool-augmented, opaque
and complex workflows (Yu et al., 2025; Hou et al.,
2025; Surapaneni et al., 2025), making accountabil-
ity for failures difficult to assign. Transparency is
limited, and the faithfulness of reasoning is hard
to verify. In this paper, we argue that agent as-
sessment must be holistic and include process
evaluation, particularly for critical applications.
We categorize risks that can arise in agents, in-
cluding untraceable failures, false confidence in
plausible outputs, and knowledge corruption. We
identify behavioural error patterns that embody
these risks, such as shortcut-taking, reliance on par-
tial or leaked answers, hallucinations, step skipping,
and tool misuse (2). Building on this, we propose a
novel framework for process evaluation, introduc-
ing a compliance score to systematically assess
the faithfulness and reliability of agentic behaviour
(3). We demonstrate its feasibility through a small-
scale empirical study, analysing both successful
and failed cases (4). Finally, we provide recom-
mendations for advancing holistic agent evaluation
(5), calling for collective action to develop diverse
metrics, integrate human oversight into evaluation
loops, capture adversarial/unwanted behaviours,
and design dynamic, evolving benchmarks (6).!
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QUERY: What’s the maximum dose of [MEDICATION
NAME] that | can take per day for my age?

IMAGE TOOL

/\ / WEB BROWSER
PLANNER ASSISTANT -
AGENT AGENT
U DOCUMENT
EXTRACTION
AUDIO TOOL
RESPONSE: The maximum dose is ... (truncated)

Figure 1: An example agentic workflow (role-play).

2 Risks and Their Origins

There is a distinct leap in system complexity go-
ing from a simple LLM chatbot, where the user
speaks and the model responds in a single turn, to
an agentic setup. In this setting, the user issues
a query, and the agent enters a potentially long
execution loop, making multiple LLM and tool
calls autonomously before finally returning a re-
sult. Recent work has explored architectures where
multiple LLM-based agents cooperate, each with
a specialised role, to tackle complex tasks beyond
the capacity of a single LLM (Acharya et al., 2025;
Schneider, 2025; Yao et al., 2023). Figure 1 illus-
trates one such setup, called role-play (Hu et al.,
2025), where a planner agent is responsible for
breaking down a complex task, issuing sub-tasks
to the assistant agent who carries out that sub-task,
typically with the use of tool calls. These multi-
agent interactions accumulate extensive context,
drawing on diverse sources such as webpages, doc-
uments, code interpreter tools, and intermediate
results, while interleaving reasoning chains, plan-
ning steps and analysis. As context windows scale
to tens or even hundreds of thousands tokens, the in-
teraction history becomes increasingly inscrutable,
creating new categories of risks.

Categories of Risk. We now outline key cate-
gories of risks arising from opaque operations in
agentic systems. We also highlight the underly-
ing causes of such risks and examine why these
systems can fail to produce reliable outputs.

1. Untraceable Failures: When systems with
multi-component structure (planners, execu-

tors, tools) lack process-level scrutiny, ac-
countability becomes diffused. Failures, such
as inaccurate legal advice due a legal brief
citing outdated precedents somewhere in the
agent’s reasoning trace, cannot be attributed
to specific components. This complicates gov-
ernance, liability determination, and the im-
plementation of redress mechanisms.

2. False Confidence in Plausible Outputs: With-
out process validation, agents can generate
superficially reliable answers that lack valid
reasoning foundations. A healthcare assis-
tant might recommend a clinically plausible
treatment while fabricating the underlying ra-
tionale, creating scenarios where practitioners
accept unsafe advice as trustworthy—a failure
invisible until harm occurs.

3. Knowledge Corruption: When agents are used
as information-seeking tools, they can propa-
gate unverified or uncertain information, seed-
ing downstream workflows with subtle errors.
In scientific research, a hypothesis or litera-
ture summary that appears plausible but relies
on flawed intermediate reasoning can misdi-
rect investigations, waste resources, and un-
dermine reproducibility across the field.

Such concerns are not merely theoretical. Table 1
grounds these abstract risk categories in concrete
behavioural patterns we observed in our feasibility
study. The error categories (bypassing or skipping
steps, relying on inaccurate information, halluci-
nating tool use, or committing reasoning errors)
illustrate how the systemic risks of untraceable fail-
ures, false confidence, and knowledge corruption
can arise in practice. Importantly, these mistakes
arise systematically from structural tendencies of
current LLMs (working inside these agents) pri-
oritising surface-level task completion and plau-
sibility over process faithfulness. An agent may
arrive at the correct conclusion through flawed rea-
soning, inappropriate shortcuts, or even fortuitous
errors that cancel out (bypassing behaviours in Ta-
ble 1). For instance, agents may compute the result
using working memory instead of invoking a cal-
culator, or infer an answer from a snippet rather
than accessing the full information source; both
behaviours yield correct outputs while avoiding
recommended protocols, which is unacceptable
for critical applications. This creates a false sense
of reliability that can mask underlying fragility (Gu
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Error Category

Behavioural Example

Process Evaluation

Associated Risk(s)

Skipping Steps
Failing to use tools
and/or follow the
required
(recommended) steps.

Finds the answer in the caption instead
of analysing the image or video.
Computes results in working memory
instead of using a calculator tool.
Obtains the answer from arXiv abstract
only, instead of reading the full paper.
Does not double-check the correctness
of the final answer as instructed.

Check if an image, video, or
code interpreter tool was used.
Check if a calculator or code
interpreter tool was used.
Ensure all required steps are
executed without skipping.

Untraceable Failures,
False Confidence

Inaccurate Info
Using outdated,
misleading, or
incorrect information.

Visits the wrong (potentially malicious)
website but still finds the answer.

Recalls outdated facts from parametric
memory instead of explicit checking.

Verify that URLs come from
a whitelist and ensure informa-
tion was explicitly accessed.

False Confidence,
Knowledge
Corruption

Hallucination
Fabricating or simulat-
ing actions.

Simulates tool use (e.g., pretending to
run code or read website contents).

Verify claimed tool use and/or
intermediate answers/outputs.

False Confidence,
Untraceable Failures

Reasoning Errors
Flawed understanding
or inference logic.

Fails to understand the query and multi-
plies by the wrong number or quantity.
Fails to extract the correct information

Verify key reasoning steps at
important junctures.

False Confidence,
Knowledge
Corruption

from a long document/context.

Table 1: Examples of observed behavioural risks, their associated risk categories, and process evaluation checks.
Note that the associated risks are displayed at the error-category level rather than being repeated for each example.

et al., 2025). We argue that process evaluation
provides a systematic pathway to addressing these
vulnerabilities. By making the process verifiable, it
enables attribution of failures, fosters trust through
transparency, and reveals not only what an agent
concludes but also how it operates, transforming
opaque outputs into auditable judgments.

3 Process Evaluation

Our core contribution, process evaluation, is cur-
rently not included in any existing agentic bench-
mark, therefore, most attention in the paper is ded-
icated to evaluating how agents arrive at the an-
swer and the blind spots this can create. We envi-
sion future benchmarks being augmented with a
compliance checklist (Figure 2), developed along-
side question/answer pairs, in order to complement
the evaluation of “what” (outcome) with the “how”
(process). In addition, we hope that process evalu-
ation is adopted as an evolving assessment of de-
ployed frameworks, where compliance questions
are updated as models, tools, and the internet it-
self evolve. The remaining components of holistic
evaluation are outlined in section (6).

Follow the protocol. An agentic trajectory typi-
cally consists of a (long) sequence of steps, where
we define a step as an LLM (single forward) call
or a tool call. Due to the flexibility and autonomy
of the agent, there are multiple alternative trajec-

tories from the user query to the final answer. As
we motivated in the previous section, in critical
applications, this can introduce hidden risks that
(partial) accuracy would not detect. However, this
can be mitigated by explicitly verifying the agent’s
adherence to a “recommended protocol”. This is
a specification of approved agentic behaviours for
solving a task, e.g. how and when to use specific
tools, how and where to gather specific informa-
tion, how and when to report progress to the user,
the steps required for certain sub-tasks, how and
when to use parametric knowledge, etc. That is, a
specification of correct agentic behaviours that we
can explicitly test for during the development cycle.
This is the essence of process evaluation; instead
of assuming that agents are following protocol in
critical applications, we define checklists that ex-
plicitly verify these behaviours at regular intervals
to ensure “good behaviour”. Figures 2 through 6
show examples of such checklists while section 4.2
analyses agents’ behaviours in practice.

Use a compliance checklist. The checklist cov-
ers key aspects of the recommended protocol such
as reasoning, progress reporting and tool choices.
Unlike some partial scoring (Chang et al., 2024),
we aimed to minimise the sequential dependence
between checklist questions, i.e. the agent can fail
an earlier step such as a wrong URL or tool call,
but still score points for the correct behaviours in
the rest of the trajectory (Figure 2). It is important
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Question: What was the points total scored by all F1 drivers older than 28 at the race after the one
where Kimi Raikkonen famously said 'leave me alone, I know what I'm doing!'?

<COMPLIANCE_CHECKLIST>

Q1. Did the research assistant use a search tool (google, wikipedia) to search for the race in which
Kimi Raikkonen said 'leave me alone, I know what I'm doing!'?

Q2. Did the research assistant use document extraction, code interpreter, wikipedia or browser
simulation to obtain information about the race where he said that?

Q3. Did the research assistant specify that Abu Dhabi GP in 2012 was the race where Kimi Raikkonen

said 'leave me alone, I know what I'm doing!'?

Q4. Did the research assistant use a search tool (google, wikipedia) to search for the full 2012 F1

World Championship race calendar (F1 season)?

Q5. Did the research assistant use document extraction, code interpreter, wikipedia or browser
simulation to gather information about the 2012 race (season) calendar?
Q6. Did the research assistant specify the United States F1 GP in (Austin, Texas) as the race that

took place after Abu Dhabi 2012?

Q7. Did the research assistant use a search tool (google, wikipedia) to search for the race

results for the United States GP in 2012?

Q8. Did the research assistant use document extraction, code interpreter, wikipedia or browser
simulation to obtain the race results of the US GP 20127
Q9. Did the research assistant use a search tool (google, wikipedia) to search for the drivers'

personal information?

Q10. Did the research assistant use document extraction, code interpreter, wikipedia or browser
simulation to obtain information of each driver in the top 10 (scoring positions) in US GP?
Q11. Did the research assistant specify the 5 drivers (Alonso, Massa, Raikkonen, Button, Senna)

older than 28 who scored points in that race?

Q12. Did the research assistant use a code interpreter to calculate the sum of the points scored

by drivers older than 28?
</COMPLIANCE_CHECKLIST>

<ANSWER_CHECKLIST>

Q1. Did the research assistant specify the answer as '46'?
Q2. Did the research assistant format the answer as a single integer?

</ANSWER_CHECKLIST>

Figure 2: An example of a process evaluation (compliance) checklist. The use case analysis of three agents based
on this example follows in section (4.2). Additional figures (3 - 6) are available in the appendix (A). As well as
checking the final answer, the checklist can optionally reward the correct format if the answer is incorrect.

to distinguish that the purpose of process evalu-
ation is to score the process, not assign (partial)
answer correctness. In addition, not all questions
are equally important, therefore, question weights
should be considered and tailored to the risk-level
of the application. For example, the protocol may
“forgive” the omission of calling a search tool if
the URL has come from parametric memory, how-
ever, it may be unacceptable to recall a critical fact
from agent’s memory instead of explicitly obtain-
ing up-to-date information from the URL. Finally,
questions should be factual, unambiguous and pre-
cise while allowing flexible paths to the answer,
a tricky balancing act. Similar to the principle of
evergreen benchmarks, as agentic tools and LLMs
evolve, a regular checklist review is recommended
to future-proof compliance questions.

Compute a compliance score. Using an LLM-
as-a-judge (Zheng et al., 2023) is currently the only
means for scoring process evaluation (at scale) as
the context length and the complexity of compli-

ance questions can only be tackled with the latest
LLMs. The judge prompt (Figure 7) contains the
concatenated contents of 1) the user agent and 2)
assistant agent turns 3) all tool calls and 4) the com-
pliance checklist, adding up to potentially 100,000s
of tokens. It is vital to expose the whole agent tra-
jectory to the judge, not just the user-visible out-
puts, which requires white-box access to the agent.
Each question in the checklist must be answered
with a YES or NO. The compliance score is then
a simple accuracy of YES questions out of total
number of questions. Compliance scores are aver-
aged over all tasks in the dataset. We propose an
unweighted (all questions equally important) and
a weighted compliance score (penalising the omis-
sion of high-risk steps more than low-risk steps).
In addition, we evaluate two aspects of the LLM
judge quality, a) formatting: is the judge outputting
a YES/NO answer to each question in the checklist,
and b) alignment: relative to human annotations, is
the judge producing the expected outputs.
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4 A Short Study of Process Evaluation

We now describe how the feasibility study is de-
signed to prototype process evaluation using a real-
istic (though imperfect) research agent.

4.1 Experimental Settings

The Agent We use an open-source framework”
(Hu et al., 2025) coupled with OpenAl frontier
LLMs (OpenAl, 2025a). This gives us full access
to the trajectory (LLM outputs + tool calls/outputs),
which are vital to deep process evaluation. The
framework is set up as a role-play (Li et al., 2023a)
where two agents are collaboratively solving the
task. The “user” acts as a planner who gives instruc-
tions to the “assistant” to execute (Figure 1). The
assistant agent is augmented with essential tools: a
Google search API®, a web browser simulation®, a
local (Python) code interpreter as well as document,
audio, excel, video and image processing toolkits.

Data We annotated the first 15 multi-hop ques-
tions (those that can’t be answered in a single turn)
from the GAIA (Mialon et al., 2023) benchmark
with our proposed compliance checklist, which re-
sulted in a total of 99 compliance questions. We col-
lected trajectories for three agents (GPT-4.1, GPT-
4.1-mini, 03-mini)°’ and evaluated each using the
same LLMs as judges to generate the insights/rec-
ommendations in sections 4.2 and 6. Given that
some benchmark data has inevitably leaked on the
internet, we observed that some agents can retrieve
the (partial) answers directly instead of properly en-
gaging with the research process. As such, in order
to evaluate agents on completely unseen scenarios,
we created and annotated 5 brand new GAIA-style
tasks that break down into 34 compliance questions
(Appendix A). This is aimed at obtaining some un-
biased trajectories (out-of-distribution tasks and
questions) for a comparison with GAIA.

4.2 Use Case Results

Figure 2 shows the compliance checklist for one
of our newly created (unseen) tasks. The follow-
ing use case analysis of our agent’s behaviours is
representative of their “conduct” across multiple
questions. These are are summarised in Table 2
as weighted (W) and unweighted (U) compliance,
judge alignments and final accuracy scores.

2https ://github.com/camel-ai/owl

3https ://developers.google.com/custom-search
4https ://github.com/microsoft/playwright
3opt-4.1-2025-04-14, gpt-4.1-mini-2025-04-14, 03-mini

03-mini This reasoning LLM, primarily designed
for code and maths tasks, has achieved a compli-
ance score of only 25 points and unsurprisingly,
failed to solve the task. It has accumulated a rela-
tively short context, which was an early indication
of issues. The agent skipped the vital steps where
it should check the 2012 F1 race calendar to in-
fer which race was next (fails Q4, Q5), hence the
Australian F1 GP in 2013 was “hallucinated”. The
agent then proceeded to produce the wrong race
result (fails Q6, Q7, Q8) and drivers (fails Q11).
Finally, the model simulated the use of the code in-
terpreter to compute the points (fails Q12). This is
typical for this model, which can also simulate data
gathering rather than following tool use protocol.
It can also “abuse” search tools by overspecifying
queries with exact strings and websites to search,
fatally narrowing down the search results (this can
work for shortcuts). Our checklist questions are de-
signed to be robust to such adversarial behaviours
hence provide a score that can accurately flag the
risks discussed in section (2).

GPT-4.1 This model was trained for instruction
following and tool use; it gets a high compliance
score (84 out of 100) and successfully solves the
task. Accumulating over 400,000 tokens of context,
the agent ticked all questions except Q12. That is,
instead of using a code interpreter tool, it summed
the results using working memory. Irrespective of
the appropriateness of this compliance question, i.e.
whether the agent should have used a calculator
or not; the key observation is that this step was
mandatory and weighted with high importance thus
the deviation from the protocol received a higher
penalty (the unweighted score would have been 92).
Compliance helps us clearly differentiate between
getting to the answer (by any means necessary) and
answering the task while methodically executing
most, or perhaps all process steps.

GPT-4.1-mini This “mini” version of GPT-4.1
actually received the highest compliance score (97)
on this task. The agent followed the process me-
thodically, however, due to reasoning errors (Q11),
it failed to solve the task, possibly due to the in-
ability to handle the large context (750,000 tokens).
This illustrates that accuracy and compliance mea-
sure different agent qualities. A near-perfect com-
pliance does not guarantee task success (though
the agent came very close). The difference to 03-
mini is striking, neither agent managed to solve the
task, however, GPT-4.1-mini clearly demonstrated
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Compliance U
UNSEEN GAIA | UNSEEN GAIA ‘ UNSEEN GAIA | UNSEEN GAIA

Judge Align. Answer Acc.

Agent LLM Compliance W
GPT-4.1 79.8 82.6 82.9
GPT-4.1-mini 79.6 70.2 80.1
03-mini 39.7 44.3 43.8

83.1 99.4 97.6 80.0 53.3
71.1 96.7 95.0 60.0 333
51.9 98.3 94.1 40.0 40.0

Table 2: Results on 5 UNSEEN (34 process) questions and 15 GAIA (99 process) questions (GPT-4.1 judge).

a more compliant, methodical and ultimately safer
process if it were deployed in a critical application.
When a compliance score is coupled with (partial)
accuracy, we obtain a more holistic evaluation of
the agent, i.e. how the agent conducts research as
well as what is the result of said process.

5 A Holistic Agent Evaluation

We can now outline the (additional) key compo-
nents of evaluation, see Table 3 for a summary.

5.1 Answer Accuracy

The answer accuracy is rightly and necessarily a
key component for agentic evaluation. Several re-
cent datasets, however, only support final answer
accuracy (Zhou et al., 2025; Phan et al., 2025; Wei
et al., 2025; Geng et al., 2025; Chen et al., 2025b),
offering limited insights into the inner workings
of the agent. An incorrect answer is ignoring the
potential progress the agent has made on the task,
which is the main reason partial accuracy has be-
come more prevalent lately, but a correct output
does not necessarily mean that the agent reached
that output in the proper manner; we need both.

5.2 Partial Accuracy

Aiming to improve the granularity of evaluation,
several related works cover partial answer accu-
racy (Arora et al., 2025; Chang et al., 2024; Starace
etal., 2025; Wolfson et al., 2025). Different aspects
of the answer are scored using rubrics or checklists
(Pathak et al., 2025; Lin et al., 2024; Sirdeshmukh
et al., 2025; Fast et al., 2024; Viswanathan et al.,
2025). Rubrics comprise relatively detailed ques-
tions that evaluate aspects of the answer using an
LLM-as-a-judge (Zheng et al., 2023) or rule-based
checks (Chang et al., 2024) for simplified environ-
ments. Partial accuracy is particularly useful for
more complex answers such as JSON objects.

5.3 Judging the Judge

Agent-as-a-judge (Zhuge et al., 2024), JudgeBench
(Tan et al., 2024), Deep Research Bench (Bosse

et al., 2025) and WildBench (Lin et al., 2024) are
the best examples of “judging the judge”, that is,
ranking LL.Ms by their ability to approximate hu-
man judgment. There are minor issues such as mod-
erate agreements with humans, ambiguous LLM-
generated questions, wide confidence intervals, or
scores that are only slightly above random guess-
ing (Tan et al., 2024). However, there is one major
shortcoming of these methods: the judge scores
are highly domain-dependent and provide no
guarantees of generalisation to our critical ap-
plication. In high-stakes domains, this degree of
uncertainty can be problematic, which is why we
assert that judging the judge on the target task,
known as meta-evaluation, is a must for holistic
evaluation. PaperBench (Starace et al., 2025) and
HealthBench (Arora et al., 2025) are the only re-
lated benchmarks covering meta-evaluation.

5.4 Real-World Questions

Answering questions and solving tasks that would
be considered representative of real-world (public)
use cases is vital to holistic evaluation of agents.
Prior works are either limited to Wikipedia ques-
tions (Wolfson et al., 2025), simulated environ-
ments (Liu et al., 2023), or ask gym-like “artificial”
questions (Mialon et al., 2023; Wei et al., 2025)
that risk overestimating true agentic capability in
real-world scenarios. Sometimes, reproducibility
is cited as the reason for limited realism (Chen
et al., 2025b). We found only two examples of
related work that consulted real-world experts such
as health professionals (Arora et al., 2025) and
Al scientists (Starace et al., 2025) throughout the
benchmark construction process.

6 Recommendations

6.1 Unifying Agentic Metrics

A compliance score conveys complementary agent
insights beyond successful (partial) task comple-
tion, reflecting the observations from individual
use cases in section 4.2. For example, it is clear
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Key Components of Answer  Partial Judging Real-World Process
Benchmark Datasets Accuracy Accuracy the Judge Questions Evaluation
GAIA (Mialon et al., 2023) X X X X
BrowseComp (Wei et al., 2025) X X X X
Humanity’s Last Exam (Phan et al., 2025) X X X X
MoNaCo (Wolfson et al., 2025) X X X
AgentBoard (Chang et al., 2024) X X X
HealthBench (Arora et al., 2025) X
PaperBench (Starace et al., 2025) X

Table 3: Coverage of our holistic evaluation criteria across agentic benchmarks.

that 03-mini and GPT-4.1-mini exhibit significantly
different behaviours in deep research tasks despite
the similarity of their final accuracies. Likewise,
GPT-4.1, thanks to its superior reasoning capac-
ity, achieved higher accuracies than GPT-4.1-mini,
however, its average compliance is only marginally
higher. From a critical application view, this is
helpful for choosing an appropriate model as our
agentic LLM, based on a multi-dimensional (holis-
tic) view of complementary agent metrics.

Use weighted compliance. A weighted compli-
ance score penalises agents for failing the most im-
portant process questions/steps with 03-mini show-
ing the biggest difference. Since not all actions are
equally important, our annotation penalises tool
usage violations more (to protect information in-
tegrity) than reasoning over retrieved information.
Please note that this is entirely up to the domain
expert to decide; there is no universal question im-
portance weighting covering all risks. Our choices
are intended to bring attention to the real-world
concern that some steps are more critical than oth-
ers, which should be reflected in the compliance
scores, thus requiring greater scrutiny.

Look out for diverging metrics. We recommend
to pay special attention to discrepancies between
(partial) accuracy and compliance to identify po-
tential issues ranging from spurious annotation to
shortcut taking behaviours, tool misuse or simula-
tion, reasoning mishaps or perhaps a discovery of a
brand new trajectory. As better compliance should
lead to higher accuracy, if these scores are not cor-
related, these trajectories require further scrutiny.

6.2 Annotation and Judging

We recommend to augment new agentic bench-
marks with compliance checklists in a “symbiotic”
manner as the creation of tasks with (possibly) deep

trajectories typically requires annotators to gener-
ate intermediate (process-like) steps (Wolfson et al.,
2020) as a means to verify final answer correctness
(Chen et al., 2025a; Wolfson et al., 2025; Starace
et al., 2025). These could relatively inexpensively
be expanded into process checklists.

Humans are indispensable annotators. The ex-
pertise of domain experts for creating effective
compliance checklists is still absolutely vital. Ques-
tion automation is currently not feasible, as prior
work has also observed (Starace et al., 2025; Arora
et al., 2025; Pathak et al., 2025). We recommend
to employ frontier LLMs to augment human intel-
ligence as these models are excellent pattern de-
tectors with strong reading comprehension. An-
notators should be on the lookout for adversarial
behaviours such as shortcut taking, e.g. 03-mini,
so compliance scores are not misleading. Finally,
annotators should look out for hallucinated and
simulated actions as well as checking the input-
s/outputs of tool calls as needless use of tools can
fly under the radar of even the best judges.

Choose the LLM judge with care. Perhaps un-
surprisingly, performance as a judge is highly cor-
related with performance as an agent (see Table 4
for a summary). On average, GPT-4.1 is the most
aligned with human judgment, followed by GPT-
4.1-mini and o3-mini. The quality of formatting
as well as the stability of judge scores over 3 runs
on 3 consecutive days follows the same pattern.
From our feasibility study, we can (anecdotally) re-
port that a question’s ambiguity is highly correlated
with the variance of the LLM judgements, hence
our recommendation to craft highly precise and
factual compliance questions. One of the more un-
expected observations is the fact that frontier LLM
judges like GPT-4.1 can answer detailed factual
questions with impressive fidelity given up to one
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Judge STD Formatting Agreement %
GPT-4.1 2.0/0.3 100/ 100 95.6/98.1
GPT-4.1-mini 1.1/1.2 100/ 100 95.6/92.7
03-mini 1.7/0.0 97.8/80.0 91.3/74.1

Table 4: Standard deviation, formatting accuracy and
human agreement for process checklists (left: GAIA /
right: UNSEEN) using 3 runs over 3 different days.

million tokens of context, a key enabling factor of
process evaluation.

6.3 Future-Proof Evaluation

Answers are less stable than the process. In
some domains, answers do not yet exist or they may
change over time, tools can evolve and/or multiple
answers may be correct (Sirdeshmukh et al., 2025);
thus accuracy ceases to be an enduring measure
of capability altogether. However, process evalua-
tion can remain informative because at the sub-task
level, the agentic research process is highly repeti-
tive. The “micro-skills” such as breaking down the
task (planning), using appropriate tools, reporting
progress to the user, gathering information, rea-
soning over documents, and other sub-tasks are
far more transferable between tasks than the an-
swers themselves, which are strongly tied to partic-
ular questions. Perhaps, in the future, compliance
checklists may liberate benchmark generation from
overly focusing on deterministic questions/answers,
and shift emphasis on process evaluation instead.

Don’t overfit to leaderboards. There are known
issues with benchmark leakage (Zhou et al., 2023)
and the representativeness of their scores for indi-
vidual practitioners (Hardy et al., 2025; Raji et al.,
2021). In critical domains, we should prioritise in-
ternal reliable evaluation over public benchmarks,
verifying the LLM judge, if applicable. In fact,
even a small uncontaminated test set allowed us to
obtain a relatively consistent, unbiased view of the
agent (Table 2, UNSEEN vs GAIA), avoiding the
“leaderboard illusion” (Singh et al., 2025).

7 Related Work

Recent work on recommendations for building
rigorous benchmarks mainly focused on overes-
timations of performance (Zhu et al., 2025), in-
consistencies in benchmark structures (MclIntosh
et al., 2025), their reproducibility (Von Werra et al.,
2022), hallucinations (Bang et al., 2025; Zheng
et al., 2024; Li et al., 2023b) and other poor bench-

mark construction practices (Eriksson et al., 2025).
Recent work proposed creating “skills” for agents
(Anthropic, 2025b), that is, detailed instructions on
how to solve a task. This is reminiscent of our main
position, a notion of a recommended or approved
agentic process. However, evaluation and the asso-
ciated risks, were not addressed in their proposal.
Our work demonstrates how to advance to the next
stage, making process evaluation a standard “be-
havioural diagnostics tool” for agents.

In less technical (critical) domains such as
medicine (Hulscher et al., 2003), process evalua-
tion has long been argued for in order to understand
the mechanisms behind randomised controlled tri-
als (not just their outcomes) for public health in-
terventions (Linnan and Steckler, 2002; Butterfoss,
2006; Saunders et al., 2005; Oakley et al., 2006).
Similar goals we sought in education (Harachi
et al., 1999; Wilson et al., 2009) to understand the
processes behind the outcomes. We take inspira-
tion from these real-world concerns when arguing
for a similar process evaluation in agentic systems.

8 Conclusions

The rapid adoption of agents by the public means
these complex systems are now being used in criti-
cal domains such as healthcare, finance, education
and law enforcement. This has the potential to
expose the public to new categories of risks such
as untraceable failures, knowledge corruption and
assuming a false sense of confidence from plau-
sible outputs. Current evaluation primarily uses
accuracy to assess agent capability, however, ac-
curacy only covers outcomes. Agents can solve a
task while deviating from recommended protocols.
This has motivated our core position in this paper:
agentic evaluation in critical domains must be
holistic and include process evaluation. To this
end, we outlined the key risk categories likely to be
observed in agentic systems. We then introduced
our key contribution, the process evaluation, and
proposed a compliance score to provide a means to
assess the quality of the agentic process, alongside
other key components, for a holistic evaluation. We
validated the feasibility of process evaluation with
frontier LLMs by demonstrating and analysing var-
ious uses cases and providing a wealth of recom-
mendations that should increase user trust, particu-
larly in critical domains.
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Limitations

While this study offers an initial feasibility analysis,
future extensions incorporating additional datasets,
question types, and language models would en-
hance the robustness of our findings and may sur-
face novel use cases or behavioural risks. Our fea-
sibility question/task may not reflect the critical
nature of many real-world tasks that motivated this
work, mainly due to the depth of expertise required
for the process checklist annotation. For very deep
agentic trajectories, the accumulation of contextual
information can become intractable (potentially ex-
pensive, depending on the LLM provider) and even-
tually exceed the maximum context window size of
even frontier models, necessitating more principled
context management strategies in subsequent work.
Our notion of trustworthiness is primarily grounded
in reliability, i.e., the model’s capacity to adhere
consistently to sound reasoning procedures, which
may not align perfectly with other experts special-
ising in LLM safety. Our focus on ‘deep research’
use cases may not generalise our conclusions to
more distant domains. We also recognise that the
creation and maintenance of compliance checklists
introduce additional costs to deep evaluation due
to the lack of automation.

References

Deepak Bhaskar Acharya, Karthigeyan Kuppan, and
B Divya. 2025. Agentic ai: Autonomous intelligence
for complex goals—a comprehensive survey. IEEe
Access.

Anthropic. 2025a. Claude Code - an agentic coding tool
that lives in your terminal.

Anthropic. 2025b. Claude Skills: Customize Al for
your workflows. https://www.anthropic.com/
news/skills. Accessed: October 22, 2025.

Anthropic. 2025c. Model Context Protocol - an open-
source standard for connecting Al applications to
external systems.

Ruth Appel, Peter McCrory, Alex Tamkin, Michael
Stern, Miles McCain, and Tyler Neylon. 2025. An-
thropic economic index report: Uneven geographic
and enterprise ai adoption.

Rahul K Arora, Jason Wei, Rebecca Soskin Hicks, Pre-
ston Bowman, Joaquin Quifionero-Candela, Foivos
Tsimpourlas, Michael Sharman, Meghan Shah, An-
drea Vallone, Alex Beutel, and 1 others. 2025.
Healthbench: Evaluating large language models
towards improved human health. arXiv preprint
arXiv:2505.08775.

Yejin Bang, Ziwei Ji, Alan Schelten, Anthony
Hartshorn, Tara Fowler, Cheng Zhang, Nicola
Cancedda, and Pascale Fung. 2025. Hallulens:
Llm hallucination benchmark.  arXiv preprint
arXiv:2504.17550.

Nikos I Bosse, Jon Evans, Robert G Gambee, Daniel
Hnyk, Peter Miihlbacher, Lawrence Phillips, Dan
Schwarz, Jack Wildman, and 1 others. 2025. Deep
research bench: Evaluating ai web research agents.
arXiv preprint arXiv:2506.06287.

Frances Dunn Butterfoss. 2006. Process evaluation for

community participation. Annual review of public
health, 27(1):323-340.

Ma Chang, Junlei Zhang, Zhihao Zhu, Cheng Yang,
Yujiu Yang, Yaohui Jin, Zhenzhong Lan, Lingpeng
Kong, and Junxian He. 2024. Agentboard: An an-
alytical evaluation board of multi-turn llm agents.

Advances in neural information processing systems,
37:74325-74362.

Shan Chen, Pedro Moreira, Yuxin Xiao, Sam
Schmidgall, Jeremy Warner, Hugo Aerts, Thomas
Hartvigsen, Jack Gallifant, and Danielle S Bitter-
man. 2025a. Medbrowsecomp: Benchmarking medi-
cal deep research and computer use. arXiv preprint
arXiv:2505.14963.

Zijian Chen, Xueguang Ma, Shengyao Zhuang, Ping
Nie, Kai Zou, Andrew Liu, Joshua Green, Kshama
Patel, Ruoxi Meng, Mingyi Su, and 1 others. 2025b.
Browsecomp-plus: A more fair and transparent eval-
uation benchmark of deep-research agent. arXiv
preprint arXiv:2508.06600.

Maria Eriksson, Erasmo Purificato, Arman Noroozian,
Joao Vinagre, Guillaume Chaslot, Emilia Gomez,
and David Fernandez-Llorca. 2025. Can we trust
ai benchmarks? an interdisciplinary review of
current issues in ai evaluation. arXiv preprint
arXiv:2502.06559.

Dennis Fast, Lisa C. Adams, Felix Busch, Conor Fallon,
Marc Huppertz, Robert Siepmann, Philipp Prucker,
Nadine Bayerl, Daniel Truhn, Marcus Makowski,
Alexander Loser, and Keno K. Bressem. 2024. Au-
tonomous medical evaluation for guideline adher-
ence of large language models. npj Digital Medicine,
7(1):358.

Xinyu Geng, Peng Xia, Zhen Zhang, Xinyu Wang,
Qiuchen Wang, Ruixue Ding, Chenxi Wang, Jia-
long Wu, Yida Zhao, Kuan Li, and 1 others. 2025.
Webwatcher: Breaking new frontiers of vision-
language deep research agent. arXiv preprint
arXiv:2508.05748.

Google. 2025a. Agent2Agent Protocol - an open stan-
dard designed to enable seamless communication and
collaboration between Al agents.

Google. 2025b. Google Code Assist - Al-first coding in
your natural language.

2686


https://www.anthropic.com/claude-code
https://www.anthropic.com/claude-code
https://www.anthropic.com/news/skills
https://www.anthropic.com/news/skills
https://www.anthropic.com/news/model-context-protocol
https://www.anthropic.com/news/model-context-protocol
https://www.anthropic.com/news/model-context-protocol
https://doi.org/10.1038/s41746-024-01356-6
https://doi.org/10.1038/s41746-024-01356-6
https://doi.org/10.1038/s41746-024-01356-6
https://developers.googleblog.com/en/a2a-a-new-era-of-agent-interoperability/
https://developers.googleblog.com/en/a2a-a-new-era-of-agent-interoperability/
https://developers.googleblog.com/en/a2a-a-new-era-of-agent-interoperability/
https://codeassist.google/
https://codeassist.google/

Alon Gorenshtein, Mahmud Omar, Benjamin S Glicks-
berg, Girish Nadkarni, and Eyal Klang. 2025. Ai
agents in clinical medicine: A systematic review.
medRxiv, pages 2025-08.

Juraj Gottweis, Wei-Hung Weng, Alexander Daryin,
Tao Tu, Anil Palepu, Petar Sirkovic, Artiom
Myaskovsky, Felix Weissenberger, Keran Rong, Ryu-
taro Tanno, and 1 others. 2025. Towards an ai co-
scientist. arXiv preprint arXiv:2502.18864.

Lei Gu, Yinghao Zhu, Haoran Sang, Zixiang Wang,
Dehao Sui, Wen Tang, Ewen Harrison, Junyi Gao,
Lequan Yu, and Liantao Ma. 2025. Medagentau-
dit: Diagnosing and quantifying collaborative fail-
ure modes in medical multi-agent systems. arXiv
preprint arXiv:2510.10185.

Tracy W Harachi, Robert D Abbott, Richard F Catalano,
Kevin P Haggerty, and Charles B Fleming. 1999.
Opening the black box: using process evaluation
measures to assess implementation and theory build-
ing. American journal of community psychology,

27(5):711-731.

Amelia Hardy, Anka Reuel, Kiana Jafari Meimandi,
Lisa Soder, Allie Griffith, Dylan M Asmar, Sanmi
Koyejo, Michael S Bernstein, and Mykel John
Kochenderfer. 2025. More than marketing? on the
information value of ai benchmarks for practitioners.
In Proceedings of the 30th International Conference
on Intelligent User Interfaces, pages 1032-1047.

Samuel Holt, Max Ruiz Luyten, and Mihaela van der
Schaar. 2023. L2mac: Large language model auto-
matic computer for extensive code generation. arXiv
preprint arXiv:2310.02003.

Xinyi Hou, Yanjie Zhao, Shenao Wang, and Haoyu
Wang. 2025. Model context protocol (mcp): Land-
scape, security threats, and future research directions.
arXiv preprint arXiv:2503.23278.

Mengkang Hu, Yuhang Zhou, Wendong Fan, Yuzhou
Nie, Bowei Xia, Tao Sun, Ziyu Ye, Zhaoxuan Jin,
Yingru Li, Qiguang Chen, Zeyu Zhang, Yifeng Wang,
Qianshuo Ye, Bernard Ghanem, Ping Luo, and Guo-
hao Li. 2025. Owl: Optimized workforce learning
for general multi-agent assistance in real-world task
automation. Preprint, arXiv:2505.23885.

MEJL Hulscher, MGH Laurant, and RPTM Grol. 2003.
Process evaluation on quality improvement interven-
tions. BMJ Quality & Safety, 12(1):40-46.

Guohao Li, Hasan Hammoud, Hani Itani, Dmitrii
Khizbullin, and Bernard Ghanem. 2023a. Camel:
Communicative agents for" mind" exploration of
large language model society. Advances in Neural
Information Processing Systems, 36:51991-52008.

Junyi Li, Xiaoxue Cheng, Xin Zhao, Jian-Yun Nie, and
Ji-Rong Wen. 2023b. HaluEval: A large-scale hal-
lucination evaluation benchmark for large language
models. In Proceedings of the 2023 Conference on
Empirical Methods in Natural Language Processing,

pages 6449-6464, Singapore. Association for Com-
putational Linguistics.

Bill Yuchen Lin, Yuntian Deng, Khyathi Chandu, Faeze
Brahman, Abhilasha Ravichander, Valentina Pyatkin,
Nouha Dziri, Ronan Le Bras, and Yejin Choi. 2024.
Wildbench: Benchmarking llms with challenging
tasks from real users in the wild. arXiv preprint
arXiv:2406.04770.

Laura Linnan and Allan Steckler. 2002. Process eval-
uation for public health interventions and research.
Jossey-bass San Francisco.

Xiao Liu, Hao Yu, Hanchen Zhang, Yifan Xu, Xuanyu
Lei, Hanyu Lai, Yu Gu, Hangliang Ding, Kaiwen
Men, Kejuan Yang, and 1 others. 2023. Agent-
bench: Evaluating llms as agents. arXiv preprint
arXiv:2308.03688.

Henrique Marcos. 2025. Can large language models
apply the law? Al & SOCIETY, 40(5):3605-3614.

Nestor Maslej, Loredana Fattorini, Raymond Per-
rault, Yolanda Gil, Vanessa Parli, Njenga Kariuki,
Emily Capstick, Anka Reuel, Erik Brynjolfsson,
John Etchemendy, and 1 others. 2025. Artificial
intelligence index report 2025. arXiv preprint
arXiv:2504.07139.

Timothy R McIntosh, Teo Susnjak, Nalin Arachchilage,
Tong Liu, Dan Xu, Paul Watters, and Malka N Halga-
muge. 2025. Inadequacies of large language model
benchmarks in the era of generative artificial intelli-
gence. [EEE Transactions on Artificial Intelligence.

Grégoire Mialon, Clémentine Fourrier, Thomas Wollf,
Yann LeCun, and Thomas Scialom. 2023. Gaia: a
benchmark for general ai assistants. In The Twelfth
International Conference on Learning Representa-
tions.

Ann Oakley, Vicki Strange, Chris Bonell, Elizabeth
Allen, and Judith Stephenson. 2006. Process eval-
uation in randomised controlled trials of complex
interventions. Bmyj, 332(7538):413-416.

OpenAl. 2025a. OpenAl Models API - Explore all
available models and compare their capabilities.

OpenAl. 2025b. Openai’s new economic anal-
ysis. https://openai.com/global-affairs/
new-economic-analysis/. Authored by OpenAl
Chief Economist Ronnie Chatterji and the OpenAl
Economic Research team. Accessed: October 6,
2025.

Aditya Pathak, Rachit Gandhi, Vaibhav Uttam, Arnav
Ramamoorthy, Pratyush Ghosh, Aaryan Raj Jindal,
Shreyash Verma, Aditya Mittal, Aashna Ased, Chirag
Khatri, and 1 others. 2025. Rubric is all you need:
Enhancing llm-based code evaluation with question-
specific rubrics. arXiv preprint arXiv:2503.23989.

2687


https://arxiv.org/abs/2505.23885
https://arxiv.org/abs/2505.23885
https://arxiv.org/abs/2505.23885
https://doi.org/10.18653/v1/2023.emnlp-main.397
https://doi.org/10.18653/v1/2023.emnlp-main.397
https://doi.org/10.18653/v1/2023.emnlp-main.397
https://platform.openai.com/docs/models
https://platform.openai.com/docs/models
https://openai.com/global-affairs/new-economic-analysis/
https://openai.com/global-affairs/new-economic-analysis/

Long Phan, Alice Gatti, Ziwen Han, Nathaniel Li,
Josephina Hu, Hugh Zhang, Chen Bo Calvin Zhang,
Mohamed Shaaban, John Ling, Sean Shi, and 1 oth-
ers. 2025. Humanity’s last exam. arXiv preprint
arXiv:2501.14249.

Inioluwa Deborah Raji, Emily M Bender, Amandalynne
Paullada, Emily Denton, and Alex Hanna. 2021. Ai
and the everything in the whole wide world bench-
mark. arXiv preprint arXiv:2111.15366.

Siva Sai, Keya Arunakar, Vinay Chamola, Amir Hus-
sain, Pranav Bisht, and Sanjeev Kumar. 2025. Gen-
erative ai for finance: applications, case studies and
challenges. Expert Systems, 42(3):¢70018.

Ruth P Saunders, Martin H Evans, and Praphul Joshi.
2005. Developing a process-evaluation plan for as-
sessing health promotion program implementation: a
how-to guide. Health promotion practice, 6(2):134—
147.

Johannes Schneider. 2025. Generative to agentic ai:
Survey, conceptualization, and challenges. arXiv
preprint arXiv:2504.18875.

Shivalika Singh, Yiyang Nan, Alex Wang, Daniel
D’Souza, Sayash Kapoor, Ahmet Ustiin, Sanmi
Koyejo, Yuntian Deng, Shayne Longpre, Noah A
Smith, and 1 others. 2025. The leaderboard illusion.
arXiv preprint arXiv:2504.20879.

Ved Sirdeshmukh, Kaustubh Deshpande, Johannes
Mols, Lifeng Jin, Ed-Yeremai Cardona, Dean Lee,
Jeremy Kritz, Willow Primack, Summer Yue, and
Chen Xing. 2025. Multichallenge: A realistic multi-
turn conversation evaluation benchmark challenging
to frontier llms. arXiv preprint arXiv:2501.17399.

Giulio Starace, Oliver Jaffe, Dane Sherburn, James
Aung, Jun Shern Chan, Leon Maksin, Rachel Dias,
Evan Mays, Benjamin Kinsella, Wyatt Thompson,
Johannes Heidecke, Amelia Glaese, and Tejal Pat-
wardhan. 2025. Paperbench: Evaluating ATl’s ability
to replicate Al research. In Forty-second Interna-
tional Conference on Machine Learning.

Rao Surapaneni, Miku Jha, Michael Vakoc, and Todd
Segal. 2025. Announcing the agent2agent protocol
(a2a). Google for Developers Blog, Apr.

Sijun Tan, Siyuan Zhuang, Kyle Montgomery,
William Y Tang, Alejandro Cuadron, Chenguang
Wang, Raluca Ada Popa, and Ion Stoica. 2024.
Judgebench: A benchmark for evaluating llm-based
judges. arXiv preprint arXiv:2410.12784.

Vijay Viswanathan, Yanchao Sun, Shuang Ma, Xiang
Kong, Meng Cao, Graham Neubig, and Tongshuang
Wu. 2025. Checklists are better than reward models
for aligning language models. In Advances in neural
information processing systems.

Leandro Von Werra, Lewis Tunstall, Abhishek Thakur,
Alexandra Sasha Luccioni, Tristan Thrush, Alek-
sandra Piktus, Felix Marty, Nazneen Rajani, Vic-
tor Mustar, Helen Ngo, and 1 others. 2022. Evalu-
ate & evaluation on the hub: Better best practices
for data and model measurements. arXiv preprint
arXiv:2210.01970.

Jason Wei, Zhiqing Sun, Spencer Papay, Scott McK-
inney, Jeffrey Han, Isa Fulford, Hyung Won Chung,
Alex Tachard Passos, William Fedus, and Amelia
Glaese. 2025. Browsecomp: A simple yet challeng-
ing benchmark for browsing agents. arXiv preprint
arXiv:2504.12516.

Dawn K Wilson, Sarah Griffin, Ruth P Saunders,
Heather Kitzman-Ulrich, Duncan C Meyers, and
Leslie Mansard. 2009. Using process evaluation for
program improvement in dose, fidelity and reach: the
act trial experience. International Journal of Behav-
ioral Nutrition and Physical Activity, 6(1):79.

Tomer Wolfson, Mor Geva, Ankit Gupta, Matt Gard-
ner, Yoav Goldberg, Daniel Deutch, and Jonathan
Berant. 2020. Break it down: A question understand-
ing benchmark. Transactions of the Association for
Computational Linguistics, 8:183—-198.

Tomer Wolfson, Harsh Trivedi, Mor Geva, Yoav Gold-
berg, Dan Roth, Tushar Khot, Ashish Sabharwal, and
Reut Tsarfaty. 2025. Monaco: More natural and
complex questions for reasoning across dozens of
documents. arXiv preprint arXiv:2508.11133.

Shunyu Yao, Jeffrey Zhao, Dian Yu, Nan Du, Izhak
Shafran, Karthik Narasimhan, and Yuan Cao. 2023.
React: Synergizing reasoning and acting in language
models. In International Conference on Learning
Representations (ICLR).

Yagmur Yigit, Mohamed Amine Ferrag, Mohamed C
Ghanem, Igbal H Sarker, Leandros A Maglaras,
Christos Chrysoulas, Naghmeh Moradpoor, Norbert
Tihanyi, and Helge Janicke. 2025. Generative ai and
IIms for critical infrastructure protection: evaluation
benchmarks, agentic ai, challenges, and opportunities.
Sensors, 25(6):1666.

Chaojia Yu, Zihan Cheng, Hanwen Cui, Yishuo Gao,
Zexu Luo, Yijin Wang, Hangbin Zheng, and Yong
Zhao. 2025. A survey on agent workflow—status
and future. In 2025 8th International Conference on
Artificial Intelligence and Big Data (ICAIBD), pages
770-781. IEEE.

Kening Zheng, Junkai Chen, Yibo Yan, Xin Zou, and
Xuming Hu. 2024. Reefknot: A comprehensive
benchmark for relation hallucination evaluation, anal-
ysis and mitigation in multimodal large language
models. arXiv preprint arXiv:2408.09429.

Lianmin Zheng, Wei-Lin Chiang, Ying Sheng, Siyuan
Zhuang, Zhanghao Wu, Yonghao Zhuang, Zi Lin,
Zhuohan Li, Dacheng Li, Eric Xing, and 1 others.
2023. Judging llm-as-a-judge with mt-bench and
chatbot arena. Advances in neural information pro-
cessing systems, 36:46595-46623.

2688


https://openreview.net/forum?id=xF5PuTLPbn
https://openreview.net/forum?id=xF5PuTLPbn

Kun Zhou, Yutao Zhu, Zhipeng Chen, Wentong Chen, A Appendix
Wayne Xin Zhao, Xu Chen, Yankai Lin, Ji-Rong
Wen, and Jiawei Han. 2023. Don’t make your llm  Additional process evaluation examples are shown

an evaluation benchmark cheater. arXiv preprint in Figures 3, 4, 5, and 6.
arXiv:2311.01964.

Peilin Zhou, Bruce Leon, Xiang Ying, Can Zhang,
Yifan Shao, Qichen Ye, Dading Chong, Zhiling
Jin, Chenxuan Xie, Meng Cao, and 1 others. 2025.
Browsecomp-zh: Benchmarking web browsing abil-
ity of large language models in chinese. arXiv
preprint arXiv:2504.19314.

Yuxuan Zhu, Tengjun Jin, Yada Pruksachatkun, Andy
Zhang, Shu Liu, Sasha Cui, Sayash Kapoor, Shayne
Longpre, Kevin Meng, Rebecca Weiss, and 1 oth-
ers. 2025. Establishing best practices for build-
ing rigorous agentic benchmarks. arXiv preprint
arXiv:2507.02825.

Mingchen Zhuge, Changsheng Zhao, Dylan Ashley,
Wenyi Wang, Dmitrii Khizbullin, Yunyang Xiong,
Zechun Liu, Ernie Chang, Raghuraman Krishnamoor-
thi, Yuandong Tian, and 1 others. 2024. Agent-as-a-
judge: Evaluate agents with agents. arXiv preprint
arXiv:2410.10934.

2689



Question: A paper about AI regulation that was originally submitted to arXiv.org in
June 2022 shows a figure with three axes, where each axis has a label word at both
ends. Which of these words is used to describe a type of society in a Physics and
Society article submitted to arXiv.org on August 11, 20167

<COMPLIANCE_CHECKLIST>

Q1. Did the research assistant use a search tool (wikipedia, google or archive) to
search for AI regulation papers from June 2022 on Arxiv?

Q2. Did the research assistant specify "Fairness in Agreement With European Values:

An Interdisciplinary Perspective on AI Regulation” as the paper in question?

Q3. Did the research assistant use a document extraction tool, code interpreter or a
web browser simulation to read the the AI regulation paper contents from this *xexact
URLx* "https://arxiv.org/pdf/2207.01510"?

Q4. Did the research assistant use an image toolkit to analyse the figure with three
axes in the AI regulation paper?

Q5. Did the research assistant specify the six words (in any order and case-insensitive)
used as labels in the AI regulation paper as [deontological, egalitarian, localized,
standardized, utilitarian, consequential]?

Q6. Did the research assistant use a search tool (wikipedia, google or archive) to
search for the Physics and Society article from 11 August 2016?

Q7. Did the research assistant specify the title of the Physics and Society article
as "Phase transition from egalitarian to hierarchical societies driven by competition
between cognitive and social constraints”?

Q8. Did the research assistant use a document extraction tool, code interpreter or a
web browser simulation to read the Physics and Society article contents from this
*xexact URLx* "https://arxiv.org/pdf/1608.03637"?

</COMPLIANCE_CHECKLIST>

<ANSWER_CHECKLIST>
Q1. Did the assistant output the answer exactly as "egalitarian”?
Q2. Did the research assistant format the answer as a single word?
</ANSWER_CHECKLIST>

Figure 3: Process evaluation for an example GAIA question.

Question: The object in the British Museum's collection with a museum number of
2012,5015.17 is the shell of a particular mollusk species. According to the abstract of
a research article published in Science Advances in 2021, beads made from the shells of
this species were found that are at least how many thousands of years old?

<COMPLIANCE_CHECKLIST>

Q1. Did the research assistant use a search tool (google or archive) to search for the
British Museum mollusk collection numbered 2012,5015.17?

Q2. Did the research assistant use a document extraction tool, code interpreter or web
browser simulation to read the mollusk collection (numbered 2012,5015.17) contents
from this *xexact** webpage 'https://www.britishmuseum.org'?

Q3. Did the research assistant specify that the name of the mollusk species was Nassa
gibbosula, or alternatively Tritia gibbosula?

Q4. Did the research assistant use a search tool (google or archive) to search for the
research article published in Science Advances in 2021 about the beads made from the
shells of this species?

Q5. Did the research assistant specify the Science Advances article from 2021 was "Early
Middle Stone Age personal ornaments from Bizmoune Cave, Essaouira, Morocco”?

Q6. Did the research assistant use a document extraction tool, code interpreter or web
browser simulation to read the abstract of the "Early Middle Stone Age personal
ornaments from Bizmoune Cave, Essaouira, Morocco” at "https://www.science.org"?

</COMPLIANCE_CHECKLIST>

<ANSWER_CHECKLIST>
Q1. Did the research assistant specify the answer as "142"? (142,000 is also acceptable)

Q2. Did the research assistant format the answer as a single integer?
</ANSWER_CHECKLIST>

Figure 4: Process evaluation for a second GAIA question.
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Question: I’m researching species that became invasive after people who kept them as pets
released them. There’s a certain species of fish that was popularized as a pet by being
the main character of the movie Finding Nemo. According to the USGS, where was this fish
found as a nonnative species, before the year 2020? I need the answer formatted as the
five-digit zip codes of the places the species was found, separated by commas if there is
more than one place.

<COMPLIANCE_CHECKLIST>

Q1. Did the research assistant use a search tool (wikipedia, google) to search for
information about the fish name of the Finding Nemo movie?

Q2. Did the research assistant specify the name of the Finding Nemo as "clownfish”
(alternatively "amphiprion ocellaris”)?

Q3. Did the research assistant use a search tool (google) to search for the USGS
non-native species database?

Q4. Did the research assistant use a document extraction, code interpreter or a browser
simulation tool to read the contents of this *xexact URLxx*
"https://nas.er.usgs.gov/queries/FactSheet.aspx?speciesID=3243"?

Q5. Did the research assistant specify that "Fred Howard Park” in Florida as the
location where the species was found?

Q6. Did the research assistant use a search tool (wikipedia, google) to search for
the Fred Howard Park Florida zip code?

</COMPLIANCE_CHECKLIST>

<ANSWER_CHECKLIST>

Q1. Did the research assistant specify the answer as "34689"?

Q2. Did the research assistant format the answer as a five-digit zip code, separated by
commas if there is more than one place?

</ANSWER_CHECKLIST>

Figure 5: Process evaluation for a third GAIA question.

Question: If Eliud Kipchoge could maintain his record-making marathon pace indefinitely,
how many thousand hours would it take him to run the distance between the Earth and the
Moon its closest approach? Please use the minimum perigee value on the Wikipedia page for
the Moon when carrying out your calculation. Round your result to the nearest 1000 hours
and do not use any comma separators if necessary.

<COMPLIANCE_CHECKLIST>

Q1. Did the research assistant use a search tool (wikipedia or google) to search for the
Wikipedia Moon page?

Q2. Did the research assistant use a document extraction tool, wiki tool or web browser
simulation to read the Wikipedia Moon page?

Q3. Did the research assistant specify the minimum perigee value for the moon as ~363,000
km (rounded to the nearest 1000km) or 226,000 miles (rounded to the nearest 1000 miles)?

Q4. Did the research assistant use a search tool (wikipedia or google) to search for
information on Eliud Kipchoge?

Q5. Did the research assistant use a document extraction tool, search_wiki tool or web
browser simulation to read the Eliud Kipchoge information page(s)?

Q6. Did the research assistant specify the world record marathon time as "2:01:09" (Berlin
official record)?

Q7. Did the research assistant use a code interpreter tool to compute the running time to
the moon, rounded to the nearest thousand hours?

</COMPLIANCE_CHECKLIST>

<ANSWER_CHECKLIST>
Q1. Did the research assistant specify the answer as "17" or "17000"? (both are acceptable)

Q2. Did the research assistant format the answer as a single integer (no comma separators?
</ANSWER_CHECKLIST>

Figure 6: Process evaluation for a fourth GAIA question.
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===== RULES OF EVALUATOR =====
Never forget that you are a evaluator and I am the instructor. We share a common
interest in collaborating to successfully complete a specific evaluation task.

You are an expert at checking the capabilities of research assistant trajectories. You
carefully reason about each TURN in the trajectory, which aimed to answer the following
question: ~~~{checklist['question']} "~

The format of the trajectory is as follows: An <instruction> is typically a sub-task of
the overall <goal>. A <solution> is a specific answer to an <instruction>, which is
followed by <tool_calls>, containing details of tool use and reasoning that should
support the <solution>, which we can evaluate according to specific checklists.

The assistant had access to these tools (this is needed for evaluation): {tool_list}

If the research assistant **claims** to have used tools, **ALWAYS VERIFYx*x this by looking
at the <tool_calls> section! If the <tool_calls>[]</tool_calls> is missing the claimed tool
call then the assistant DID NOT make the tool call! REMEMBER: Intending to use a tool but
not **actually*x using it DOES NOT count as proper use!

content = f"A reminder of the overall <goal>: ~~{checklist['question']} ~."
content += "=============== RESEARCH ASSISTANT TRAJECTORY START ==============="
for idx, log in enumerate(output["history”]):
content += f"""Here is the output of TURN {idx + 1}:
“**{log['instruction']}

“~~{log['solution']} ~"
"> {log['tool_calls']} "

nnn

content += "=============== RESEARCH ASSISTANT TRAJECTORY END ==============="
content += f"""Now, evaluate the above trajectory of the research assistant. Answer the
following questions using either 'YES' or 'NO' plus AT MOST one sentence for justification

of your decision.

- “~~{checklist['COMPLIANCE_CHECKLIST']} "~
- ~~~{checklist['ANSWER_CHECKLIST']}" "

IMPORTANT NOTE FOR THE COMPLIANCE_CHECKLIST: If xallx tools specified in the
solution result in an error, i.e. the tools abruptly terminate (none completes
successfully), then the answer to that question is automatically 'NO'. Thank you.
Finally, the output format is:

<COMPLIANCE_CHECKLIST>

Q1. YES : Short justification.

Q2. NO : Short justification.

</COMPLIANCE_CHECKLIST>

<ANSWER_CHECKLIST>

Q1. YES : Short justification.

Q2. NO : Short justification.

</ANSWER_CHECKLIST>

nnn

Figure 7: Pseudo-code for the judge prompt construction (slightly modified for readability).
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