Agentic Product Maturity Ladder V0.1

Sean McGregor*!, Deepak Nathani*?, Lama Saouma*3, Fazl Barez**, Armstrong
Foundjem¥?, Tuesday¥%, Aakash Gupta¥”, Jake Thomas¥®, Vassil Tashev?,
Tianhao LiT, Victor Lu¥'!, Saurav Sahay¥!?, Bennett Hillenbrand¥'3, Cynthia
Keyser¥4, Trupti Bavalatti¥'®, M Chockalingam¥'®, Dhivya Nagasubramanian¥'”,
Faiza Khan Khattak''®, Medha Bankhwal™®, Murali Emanit?°, Jacqueline
Stetson?!, James Ezick??, Jason Stanley'??, Joachim Baumann'?*, Rokas
Gipiskis'?®, Ravishankar K. Iyer'?®, Roman Eng'?’, Kihyuk Nam?®, William
Bartholomew'??, Alexandre Drouin'’, Benjamin Larsen!', Chin Ze Shen*3?,
Daniel Herde!3?, Arihant Chadda*?*, Malek Ben Salem*3®, Daniel Kang*36, Kurt
Bollacker*3”, Mark Watson®®, and Peter Mattson®3’

VAVERI — 2UCSB — 3Ozford Martin AI Governance Initiative —— *University of Ozford and
Martian ~— ® Polytechnique Montreal — SARTIFEX Labs — " Think Evolve Labs — 8Advai —
9Independent — 19Duke University —— 1lIndependent — 12Intel — 13MLCommons —

4 GQoogle — YBMeta — YNasscom — Tindependent — 8Monark Health — °QuantumBlack,
Al by McKinsey, and MLCommons — 20 Argonne National Laboratory —— 2! MLCommons —

22 Qualcomm Technologies, Inc. — 23 ServiceNow AI Research — 24Bocconi University —— 25AI
Standards Lab and Vilnius University — 29UIUC — 27 Clarkson University —— 2®Korea AISI / ETRI
29 Microsoft — 39ServiceNow AI Research — 31 World Economic Forum  — 32AI Standards Lab,

Ozford Martin AI Governance Initiative —— 33 QuantumBlack — 3*Transfyr — 35AlLeap —
6yruCc — STMLCommons — 38Independent — 39Google

December 1, 2025
See the Acknowledgments for Author Equivalence Classes *, 9, 1,1, 0

Executive Summary

The Agentic Product Maturity Ladder is a progressive evaluation framework for measuring
the ability of agentic products to reliably support specific tasks. A system that meets reliability
thresholds for a progressive sequence of “principles” (e.g., “stays confined to its set boundaries”)
for a specific task is considered to have climbed to a higher maturity level.

Here we present the prototype maturity ladder as proposed by the MLCommons AI Risk and
Reliability Working Group, a consortium of industry and academic researchers, engineers, and
practitioners. The primary goal of the working group is to inform agentic product adoption de-
cisions, thereby motivating reliability-focused innovation across industry and better products for
society.

While many agentic benchmarks presently exist, currently available agentic AI benchmarks are
not designed to inform real-world deployment decisions, especially in safety-critical domains where
errors could have severe consequences. The absence of reliable benchmarking has made it difficult
to trust in the reliability of agents. Consequently, agentic system adoption has been slower than
progress of agentic capabilities. Problematically, this trust may only be established through invest-
ment in testing (i.e., benchmarking) across thousands of different tasks. A fully mature risk and
reliability benchmarking system across all the tasks would require immense effort to achieve any
reasonable degree of coverage: benchmarking has a scale problem.

We propose to mitigate the benchmarking scale problem by conditionally developing sophisticated
industry-standard task benchmarks only when research benchmarks provide evidence one or more
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products are approaching market readiness. Towards increasing levels of “readiness,” each task is

benchmarked against principles answering whether an agent is:
1. Research Grade (RO): Does the agent have sufficient proof of concept evidence?
. Capable (R1): Can the agent do the task?
. Bounded (R2): Will the agent stay confined to its supported tasks?

. Controlled (R3b): Does the agent act at the direction of the user?

2

3

4. Confidential (R3a): Will the agent protect confidential information?

5

6. Robust (R3c): Does the agent handle unusual circumstances appropriately?
7

. Secure (R4): Is the agent resilient to attack?
8. Reliable (R5): Does the agent behave in a consistent and helpful manner?

Each of these questions corresponds directly to maturity level in the RO-R5 ladder. Detailed
descriptions and its principles of each maturity level are provided in the “The Maturity Levels”
section and in Table [I

This maturity-scheduled testing prioritizes scarce benchmarking community resources according to
the maturity of products supporting different tasks. Each of these levels are populated with princi-
ples expressed in clear and accessible terms to help users understand the boundaries of where they
might safely deploy an agent that, for instance, is capable of operating under usual circumstances,
but has not yet demonstrated a capacity to resist attackers.

An evolving knowledge of agentic system risks will motivate amendments and additions to the
principles. Concurrently, the implementation order of tasks will be market-centered, meaning we
will seek to characterize the risk and reliability of systems that are approaching the real world.
The intent of the v0.1 release is to solicit feedback and ensure climbing the ladder equates to more
reliable systems and even more reliable information about those systems.

Keywords: Agentic A, Al security evaluation, MLCommons AlLuminate, large language models,
vision language models, Al governance.
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Table 1: Principles introduced at each maturity level

Maturity
Statement

Research
Grade

Capable

Bounded

Confidential

Controlled

Robust

Secure

Reliable

Principles Introduced Into
Benchmark

Allow scientific inquiry and ca-
pability development

Be Correct in Usual Circum-
stances

Adhere to Agent Boundaries

Protect Confidential Data

Include the User; Operate with
Explicit Consent

Be Correct in the Presence of
Unusual Circumstances; Han-
dle Exceptions Robustly; Han-
dle Uncertainty Robustly

Defend Against Attacks; Pre-
vent Dual-Use

Explain Actions; Adhere to
Declared Interests; Ignore the
Irrelevant; Be Predictable;
Minimize Risk Benefit Trade-
offs

Statement

“The System-Under-Test
(SUT) may be capable of
solving the task.”

“The SUT can solve the task.”

“The SUT will not act outside
its intended tasking.”

“The SUT will not reveal con-
fidential information it is privy
to.”

“The SUT is controllable by
the user.”

“The SUT can handle more
challenging situations.”

“Threat actors can’t use the
SUT to do bad things and the
SUT can not be compromised
by people doing bad things.”

“The SUT behaves in an eth-
ically consistent and helpful
manner.”
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1 Introduction

AT agents are currently under development for all industries, supporting tasks as diverse as cus-
tomer service [I] and scientific experimentation [2]. Even where agentic products are fundamen-
tally transformative, their real world deployment is gated by deployers of agentic products deciding
whether product benefits exceed product risks. Answering the question, “should we deploy this
product?” is challenged by a now well known measurement problem [3]. Without reliable measures
of agentic product reliability, agentic product adoption is a slow, expensive and reputationally risky
proposition. Reliable agentic product measurement is a prerequisite to agentic product
adoption.

Objective

The benchmark aims to establish a trustworthy, community-enabling framework that enables
stakeholders to confidently assess and compare the risk and reliability of Al agents, thereby
accelerating safer deployments.

Where system capabilities often advance as a direct result of advancements in capability mea-
surements, strong benchmarks for yet unsolved product categories promises the development of
groundbreaking technology. Yet despite the potential impacts, methods for evaluating deployment
risk and reliability remain fragmented and insufficient. Current assessment approaches are char-
acterized by ad-hoc methodologies, inconsistent metrics, and evaluation frameworks that fail to
capture the full spectrum of potential hazards (e.g., [4} Bl 6] [7, [8] 9L 10} B, 11} 12| 13| [14]). Different
organizations employ wildly varying benchmarks, methodologies, and metrics, making it nearly im-
possible to compare products meaningfully or establish industry-wide standards. This patchwork
of idiosyncratic evaluations creates dangerous blind spots, where hazards may go undetected until
they manifest in deployed products.

Definition 1: Agent

“An Al agent responds autonomously to inputs and its reading of its environment to make
complex decisions and change the environment.” World Economic Forum [I5]

The insufficiency of current reliability information poses significant challenges for all stakeholders in
the AT ecosystem. Developers struggle to identify and mitigate risks during the design phase. Au-
ditors face the daunting task of assessing products without standardized criteria or methodologies.
Regulators find themselves unable to establish meaningful governance frameworks in the absence
of common evaluation standards. This fragmentation not only impedes progress toward safer Al
products but also undermines public trust and threatens the funding of beneficial AI technologies.

To address these critical gaps, we introduce an agentic product maturity ladder as an evolving
collection of evaluations serving the information needs of agentic system users and deployers (see
Table [2| for more information about the target audience of the ladder).

Each maturity level is informed by “principles” that an agentic system is expected to uphold.
We do not claim to comprehensively measure agentic system principles, but we do aim to provide
a process by which emerging principles can be rigorously assessed. The base unit of analysis is the



Table 2: Benefits of product-centered independent benchmarking for different communities of prac-
tice. Different benchmark users are interested in different aspects of systems. This document aims
to support the bolded users while maintaining utility for the rest of the user base.

Benchmark Relying

Benchmark Users Value of Benchmarks
Needs Group

Benchmark establishes

Low Product Developer Product Managers .
product requirements

Benchmark provides aspirational
Solution Developers target measuring progress
towards market viability

Benchmark establishes

Release Team ..
release criteria

Benchmark provides ongoing

Compliance Team . .
conformity assessment capacity

Benchmark informs which

Product Deployer | Deployment Team system to deploy

Benchmark provides ongoing

(e-g. the buyer) Compliance Team conformity assessment capacity

Benchmark informs the mental

User Product User model about product use

Benchmark verifies representations

Regulatory External Auditors made by companies about products

Standards Benchmark defines product
High N thresholds shared across
Organizations .
industry players

“principle taxonomy” of Appendix C, which will expand as new requirements are identified and
prioritized over time.

Benchmarking against “principles” rather than “risks” is a choice informed by asking the question,
“how can I understand the risks of this system” rather than “what are the risks?” To
answer this, we aim to apply people's intuition across multiple risks that are to be tested within
each principle. More specifically, a “principle” is assessed by testing for hazards (i.e., bad things that
might happen) and failure modes (i.e., how bad things might be made to happen), then combining
them together into higher order notions of risk (i.e., the combined likelihood and severity of hazards)
and reliability (i.e., risk expressed temporally). The means by which we test and report on principles
are then informed and continuously refined by related work detailing risks and failure modes. We
collectively ground these analytically to how the agentic system is or will likely be used in the real
world (see Figure|l| for details).

The principles we benchmark provide an abstraction upon which people can subsequently evaluate
the likely risk within a context not exactly matching that of the benchmarking program. Effectively,
we are providing a means of prioritizing product qualification processes (see Figure [2)) and thus
decreasing the cost of purchasing agentic products. Appendix [B| provides more details on the task
hierarchy we are working with and adaptively building to track with agentic benchmark progress.



Hazard: What are the bad Failure Modes: How might
things that can happen? a bad thing happen?

Informs Severity Informs Likelihood

Risk: What is the likelihood and
severity of a bad thing happening?

Informs
Statements

Principles: Human expectations informing
understanding of agent reliability in specific contexts

Informs
Summary

Readiness Statement: Broad declaration of
properties arising from principles (e.g., "Capable,"
"Secure," etc.)

Figure 1: Relationship between safety concepts developed within this document.

Contributions. Concretely, this work addresses the following technical and resourcing problems,

1. Problem: Reliable task-specific benchmarks do not scale. Solution: Triage task-specific
benchmark production from results on research benchmarks.

2. Problem: Benchmarks for real-world decision making require maintenance. Solution: An
industry association (i.e., MLCommons) will facilitate the production and maintenance of
task-specific benchmarks with peer organizations.

3. Problem: Comprehensive task-specific testing requires immense effort. Solution: Incre-
mentally test principles aligned to the information importance for deployers and users. Do
not test more advanced principles when the more basic principles have not been satisfied.

4. Problem: Benchmarks are quickly saturated, overfit, or otherwise become unreliable for
real-world decision purposes. Solution: Selectively share information about the benchmarks
to extend their useful lifetime and periodically refresh the benchmark with new data.

In this work we begin by introducing the maturity levels. We then step through a series of fic-
tionalized examples exploring the ladder in practice. These principles are measured with versioned
releases of benchmarks measuring principle conformity. Finally, we close with several task-specific
benchmarks forming the initial base of evidence for Research Grade benchmarks.



Figure 2: Benchmarking enables product developers that have invested in producing capable, safe,
secure, and controllable agents to be identified by deployers. Organizations deploying those agents
can then focus on acceptance testing a small number of solutions thereby lowering program risk that
the wrong product would be tested. On the left we have the process step satisfied by benchmarking
— the initial filtering of agents. The filtering enables acceptance testing (i.e., the graphic on the
right) to focus on specific candidate systems and their own idiosyncratic risks.

2 The Maturity Levels

The maturity levels provide layperson-interpretable statements about the reliability of an agent for
specific task domains. Tactically, benchmarks for each maturity level are intended to be developed
only when agents may appropriately be labeled with the earlier maturity levels. So in Table[l} a
benchmark at R1 will only be produced once an agent is qualitatively determined to have achieved
RO. We step through each of the levels in turn.

2.1 RO: Research Grade

The first maturity level is differentiated from subsequent levels by the rigor, coverage, risks, and
other properties of the benchmark rather than the principles being tested. Most benchmarks today
are produced for scientific or optimization purposes (i.e., to characterize or produce capabilities)
rather than real-world decision making about the reliability of a system. As a result, “research
benchmarks” (Definition [2|) suffer from a variety of design, coverage, and longevity issues making
them unreliable for real-world decision making.

Definition 2: Research Benchmark

A benchmark produced for the purpose of scientific inquiry, optimization, or other purpose

not intended to evidence real-world decisions about the reliability of an agent for a particular
purpose.

While research benchmarks are not sufficient for real-world adoption decisions, they are still useful.
For the maturity ladder. In RO we consider the following as strong evidence that a task is not ready
for a “product benchmark” (Definition [3):

e the absence of a research benchmark for the specific task, or

e poor performance on task-specific research benchmarks



Definition 3: Product Benchmark

A benchmark produced for the purpose of informing people of the real world reliability of
an agent for a particular purpose.

As agent performance improves against a task-specific research benchmark, we can qualitatively
evaluate performance and make agents eligible for R1 maturity benchmarking.

2.2 R1: Capable

The role of MLCommons in this environment is to produce shared design targets against which it
and its partners produce benchmarks supported by a “benchmark factory” providing capacity for
evaluation, integrity, and maintenance of the benchmarks.

Why is this first after Research Grade? The research benchmarks indicate that an agent may be
capable of completing a task. The “Capable” level independently confirms this is the case, thereby
delaying the development of more resource-intensive benchmarking elements until an agent may be
capable of meeting them.

People are unlikely to value if an agent is bounded, confidential, controlled, robust, or
secure if it is not capable of performing the task.

2.3 R2: Bounded

The concept of “reliability” is scoped to context. Without defining a list of supported tasks and
contexts, it is not possible to make claims about the subsequent maturity statements. The Bounded
level ensures that a system’s reliability claims are grounded by defining its perimeter of allowed
operation, thereby mitigating the risk [I6] of the agent causing harm by performing actions out-
side its intended and tested scope. In terms of reducing benchmarking effort, it also means the
benchmarking program will not need to test everything that an agent might do.

People are unlikely to value if an agent is confidential, controlled, robust, or secure if it
is allowed to be used for completely unrelated tasks that have none of these properties.

2.4 R3a: Confidential

The “Confidential” level is the first of three levels that may be benchmarked in parallel. An agent
that is confidential is one that does not inappropriately reveal information in the course of carrying
out its task. As expressed by organizations in the MLCommons agentic workstream, this security-
related property rises above other security properties and deserves separate consideration. A system
that is not capable of maintaining confidentiality may still be useful, but a person deploying such
an agent would know to be circumspect in what information the agent is permitted to draw on and
who can interface with the agent.

Knowing a system is “Confidential” means people will be willing to deploy the agent
with access to privileged information at an acceptable level of risk.



2.5 R3b: Controlled

A “Controlled” system is fundamentally characterized by its commitment to appropriate user in-
volvement and oversight throughout its operational lifecycle. This principle dictates that the user
is not merely a passive observer but an active participant, whose preferences are consulted when
the agent takes action.

Specifically, for a system to be deemed “Controlled,” it implements mechanisms to:

1. Enable User Consent: For actions that have significant, irreversible, or high-consequence
outcomes, the system must solicit and obtain explicit consent from the user before execution.

2. Provide Veto/Override Capability: The user must retain the ultimate authority to in-
terrupt, modify, or veto any action proposed or currently being executed by the agent.

In essence, a “Controlled” system operates not as an autonomous entity, but as a powerful, in-
telligent tool whose capabilities are directed and governed by human judgment and intent. This
paradigm shifts the focus from full automation to effective collaboration, ensuring accountability
and aligning the agent's actions with the user's ethical, operational, and safety requirements.

Knowing a system is “Controlled” means people will be willing to deploy the agent in
environments with greater consequences at an acceptable level of risk.

2.6 R3c: Robust

A “robust” agent is a system designed and implemented to operate effectively and reliably across
a wide spectrum of challenging circumstances, including those that are characterized by high com-
plexity and high consequence. Such an agent possesses a suite of capabilities that extend beyond
simple task completion, centering instead on the strategic management of risk and the prevention
or minimization of negative outcomes, or “harm.”

Robustness, in this context, implies several key dimensions:

1. Resilience to Environmental Change and Noise: The agent can maintain its desired
performance and safety profile even when faced with unexpected deviations from its training
data distribution. It should not catastrophically fail when encountering challenging or novel
circumstances.

2. Harm Mitigation and Safety Assurance: A robust agent is equipped with internal
mechanisms—such as monitoring systems, fallback strategies, and self-correction loops—that
proactively identify potential failure modes or dangerous state transitions and intervene to
mitigate the potential for harm.

In essence, the designation “robust” moves the focus from what the agent can achieve to how safely
and reliably it achieves it under duress, ensuring that its operational utility does not come at the
expense of safety and responsibility.

Knowing a system is “Robust” means people will be willing to deploy the agent in
challenging environments at an acceptable level of risk.

10



2.7 R4: Secure

The “Secure” level is one that is achieved when an agent resists adversaries that may attack the
agent (e.g., by attempting to trick the agent into selling a product under cost) or to use the agent
inappropriately (e.g., by attacking another organization). Security is a later ladder level because
agents that are not robust, confidential, or bounded are typically not capable of achieving any
reasonable degree of security. Security testing is also commonly performed to find violations of
non-security related requirements so most security benchmarks can build on the lower ladder levels.

Knowing a system is “Secure” means people will be willing to expose the agent to
people that may actively attempt to violate the interests of the agentic system deployer.

2.8 R5: Reliable

The final maturity level is a catchall for properties not captured by the earlier maturity levels.
These include auxiliary capacities such as providing explanations or acting in a manner that is
somehow predictable to users. Principles within this level may subsequently be separated into their
own statements.

Knowing a system is “Reliable” means people know it conforms to all the requirements
that have been deemed important to assess.

3 Fictional Results

To illustrate the efficiency of the maturity ladder, we introduce three tasks and their ladders for
the fictional agents of Table [3]

The three demonstration tasks are presented with specific task hierarchies derived from Appendix
A and detailed according to their adherence properties of Appendix B.

3.1 Fictional Task 1: Bodega Inventory Management

A “bodega” is a small convenience store typically found in an urban area. In this fictional exam-
ple, the “Task Type” is “Inventory Management,” and the task area is “Small Convenience Store
Inventory Management.” It includes a single “user task” for ordering stock to fill the shelves. The
fictional results are found in Figure [3]

Of the four models, only BodegaBot has produced a full engineering program tuning their agent
solution to the needs of bodega inventory managers, but all four models benefit from Clive-3.7’s
foundation model training that includes optimization against BodegaBench -- a “research bench-
mark” for bodega management. The presence of BodegaBench in the foundation model training
program means all model derivatives meet maturity level 0 and are benchmarked within maturity
level 1. However, all agents except for BodegaBot degrade substantially and will not be declared
as “Capable.” InventoryAlI has illusory performance on BodegaBench because it is just Clive-3.7
with additional fine tuning on the research benchmark. As will be shown in Fictional Task 2, Car-
Logic was trained to reject performing tasks outside its task area and thus is the only Clive-3.7
derivative to fail to achieve a reasonable performance at research benchmarks.

11



Agentic System Description
Clive-3.7 Acrostic
(February 2025)

A highly performant agent platform built to address a wide
variety of tasks

BodegaBot A thoroughly retrained, finetuned, constrained, and
guardrailed agent built from Clive-3.7 Acrostic (February
2025) made with the benefit of extensive proprietary real
world bodega data

InventoryAl A derivative of Clive-3.7 Acrostic (February 2025) that
has had extensive fine tuning to the BodegaBench research
benchmark

CarLogic A thoroughly retrained, finetuned, constrained, and

guardrailed agent built from Clive-3.7 Acrostic (February
2025) made with the benefit of extensive proprietary real-
world car sales process data. The agent will fully negotiate
an offer that is subject to the final approval of the dealer-
ship manager.

Table 3: Description of fictional agentic systems found in the ladder demonstration. Three of the
agents have been produced to solve specific tasks, while Clive is a fictional foundation model that
is broadly capable of agentic tasks but has not been engineered to target any specific task.

How did the ladder simultaneously serve agentic system adoption decisions and minimize bench-
marking efforts? People looking to adopt a bodega agent know that only one system might be
capable of the task (BodegaBot). Whether the other systems are bounded is of no consequence
because they won’t be deploying an agent that is not at least capable of performing the simple ver-
sions of the task. Since users only consider adopting capable agents, the number of benchmarking
runs that are necessary are greatly reduced.

Inspired by Project Vend [17]

3.2 Fictional Task 2: New Car Sales

In this fictional example, the “Task Type” is “Sales Negotiation,” and the task area is “Car dealer
internet sales desk negotiating agent.” It includes a single “user task” negotiating the terms of
purchasing a car via a chat interface. We are presuming the user interface for the negotiation
carries the general terms of, “all deals are subject to the final approval of dealer management,”
which means all agents may be considered controlled. The fictional results are as follows.

Here we have a single product, CarLogic, that is capable, bounded, and controlled, but with
mixed results on robustness and confidentiality. Car dealers will know from this benchmark that
most users will be able to negotiate their purchase terms with CarLogic, but it will not be able
to handle all edge cases and the bot may reveal information to the user that would ideally not be
revealed (e.g., the minimum price the dealer is willing to sell the car for). With these expectations
in mind, every car dealer can decide whether the technology has matured to the point where they
can run a test deployment. Dealers know they don't need to consider BodegaBot, which has
been guardrailed to prevent its use outside of bodega inventory management. Similarly, they will

12



Readiness Level 3a

Confidential

Readiness Level 0 Readiness Level 3b
Research Controlled

Readiness Level 3c

Sample Data Robust

BodegaBot

InventoryAl not eligible not eligible

CarLogic not eligible not eligible not eligible

Readiness Level 4

Secure

not eligible

not eligible

not eligible

not eligible

Readiness Level 5

Reliable

not eligible

not eligible

not eligible

not eligible

Figure 3: The fictional ladder results for Bodega Inventory Management.

Readiness Level 3:

a

b

100%

Confidential
Readiness Level 0 Readiness Level 3
Research Controlled
Readiness Level 3c
Sample Data (et
BodegaBot not eligible not eligible not eligible
InventoryAl - not eligible not eligible
65%
CarLogic 99%
63%

Clive-3.7 Acrostic
(February 2025)

not eligible not eligible

Readiness Level 4

Secure

not eligible

not eligible

not eligible

not eligible

Readiness Level 5

Reliable

not eligible

not eligible

not eligible

not eligible

Figure 4: The fictional ladder results for New Car Sales.
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Readiness Level 3a

Confidential
Readiness Level 0 Readiness Level 3b Readiness Level 4 Readiness Level 5

Research Controlled

Readiness Level 3¢

Secure Reliable

Robust

Sample Data

BodegaBot I 7% not eligible not eligible not eligible not eligible not eligible
InventoryAl not eligible not eligible not eligible not eligible
CarLogic I 6% not eligible not eligible not eligible not eligible not eligible

gg‘;ﬁ;ﬂégﬁm not eligible not eligible not eligible not eligible

Figure 5: The fictional ladder results for Investment Portfolio Management.

know that platform agents like Clive-3.7 are very nearly capable, but the task-specific engineering
of CarLogic still far dominates all general purpose models and their unbounded derivatives like
Inventory Al

Inspired by “Chevrolet Dealer Chatbot Agrees to Sell Tahoe for $17 [18, [19]

3.3 Fictional Task 3: Investment Portfolio Management

In this fictional example, the “Task Type” is “Financial Management,” and the task area is “In-
vestment Portfolio Management.” It includes several “user tasks,” including details for purchasing
equities and selling equities at the initiative of the agent. The fictional results are in Figure

It is immediately clear that the foundation model (Clive-3.7) and its lightly retrained derivatives
(InventoryAlI) perform well enough on the research benchmarks to warrant benchmarking at
maturity level 1, but that neither of these agents perform adequately to be labeled “capable.”
Consequently, no additional benchmarking activity is required until one or more products meet a
higher capability threshold.

4 Real Results

The RO benchmark level makes extensive use of existing benchmarking efforts and leaderboards.
Particularly useful to this effort is the HAL: Holistic Agent Leaderboard [20], which provides a
means for researchers to develop and publish their benchmarks. Notably absent from these and
other research benchmarks are formal requirements in the technical and publication properties of
the benchmark. Without those requirements, benchmarks may safely lead a user to conclude agent
incapability (i.e., we know no agents can solve airline booking if 7-Bench Airline is not solved),
but they are not strong evidence of agent capability (i.e., a system solving Tau-Bench Airline
may accidentally or intentionally exploit the structure of the 7-Bench Airline benchmark in a way
not associated with capability). This one sided measurement error is solved at the “Capable”
maturity level: we are verifying the findings of the research benchmarks. The added benefit is
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Figure 6: Top performing agents for the flight booking task. All current results are from https:

//taubench.com/#leaderboard
Readiness Level 3a
Confidential

Readiness Level 0 Readiness Level 1 Readlness Level 3b Readiness Level 4 Readiness Level 5
Research Capable COntroIIed Secure Reliable
Readlness Level 3c
Robust
TAU-bench Airline Pass*4 TBD TBD TBD
Claude-3.7-Sonnet 52% _ not eligible not e/:g:b/e not e/lglb/e not eligible not eligible
GPT-5 48% N not eligible not eligible not eligible not eligible not eligible
GPT-4.1 38% [ ] not eligible not eligible not eligible not eligible not eligible
o4-mini 35% - not eligible not eligible not eligible not eligible not eligible
GPT-4.1-mini 28% - not eligible not eligible not eligible not eligible not eligible

that the Capable benchmark does not need to be produced until research benchmarks are solved --
considerably reducing the number of agentic benchmarks that are worth producing.

The criteria for including a benchmark in the base of evidence for RO is a simple one -- does it
inform whether a system may be capable of meeting an as yet undeveloped R1 benchmark subject
to the full integrity and ecological validity requirements of a real world reliable benchmark? The
decision for whether to proceed with benchmarking under R1 is a more complicated one weighing
whether the base of evidence shows that a reasonable threshold of performance for real world use
cases has been reached.

At present, we have processed three benchmarks that are adequately single-task centered to rep-
resent as an RO benchmark. In no instance has performance crossed a threshold requiring R1
benchmarking, but we expect this will not long be the case. The tasks associated with these
benchmarks are as follows.

4.1 Airline Booking

In 7-airline, the agent assists users with flight-related tasks such as booking new flights, modifying
or canceling existing reservations, processing refunds, or offering information about flight options.
The benchmark includes a flight database with 500 users, 300 flights between 20 U.S. cities, and
2,000 reservations, plus APIs for querying direct or one-stop flight options. The agent must gather
necessary details from the user (e.g., travel dates, destinations), adhere strictly to airline policies,
and execute the correct sequence of tool calls to manipulate reservation records. Like 7-retail, tasks
are built to ensure a single correct end-state, testing the agent’s ability to reason over structured
data, follow detailed rules, and maintain consistent multi-turn interactions with a simulated user.
We report the capacity for the agent to pass four consecutive runs in Figure [6]

Current findings: Performance on pertinent research benchmarks have not arisen to a level war-
ranting R1 benchmarking.

4.2 Retail Order Management

In 7-retail, the agent acts as a customer-service assistant for an e-commerce store, helping users
cancel or modify pending orders, return or exchange delivered items, update addresses, or retrieve
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Figure 7: Top performing agents for the Retail Order Management task. All current results are

from https://taubench.com/#leaderboard
Readiness Level 3a
Confidential

Readiness Level 0 Readiness Level 1 Readiness Level 4 Readiness Level 5
Research Capable Controlled Secure Reliable
Readiness Level 3¢
TAU-bench Retail Pass*4 TBD TBD TBD TBD TBD
GPT-5 50% N not eligible not eligible not eligible not eligible not eligible
GPT-4.1 52% [N not eligible not eligible not eligible not eligible not eligible
Claude-3.7-Sonnet 60% I not eligible not eligible not eligible not eligible not eligible
o4-mini 47% | ] not eligible not eligible not eligible not eligible not eligible
GPT-4.1-mini 37% - not eligible not eligible not eligible not eligible not eligible

product/order information. Tasks are structured around a database containing 500 users, 50 prod-
ucts, and 1,000 orders, and the agent must follow strict policy rules—such as allowing only one
modification or return per order while ensuring all required user confirmations are gathered before
taking actions. The agent uses a set of read/write API tools to inspect and update the order-
tracking database, performing multi-turn conversations with a simulated user whose instructions
are crafted to produce a unique valid outcome, making the benchmark a constraint-satisfaction
and policy-adherence test for tool-using agents. We report the capacity for the agent to pass four
consecutive runs in Figure[7]

Current findings: Performance on pertinent research benchmarks have not arisen to a level war-
ranting R1 benchmarking.

4.3 Mobile Telephone Tech Support

In 72-telecom, the agent serves as a technical-support assistant in a dual-control environment where
both the agent and the user can operate tools. The agent works over backend telecom data including
plans, lines, and customer records, while the user interacts with a simulated phone device that can
check status indicators, toggle data, airplane mode, MMS settings, etc. Tasks include troubleshoot-
ing service failures, mobile-data issues, or MMS problems by diagnosing the underlying causes and
guiding the user through device-side actions while also performing system-side operations like en-
abling roaming. Built as a Dec-POMDP, this domain introduces shared-environment coordination
and communication challenges. We report the capacity for the agent to pass four consecutive runs
in Figure

Current findings: Performance on pertinent research benchmarks have not arisen to a level war-
ranting R1 benchmarking. In particular, the likelihood of failure over four separate interactions is
still too high.

4.4 Vending Machine Management

Vending-Bench is a long-horizon evaluation environment where an autonomous LLM agent operates
a simulated vending-machine business, requiring it to manage inventory, place orders with whole-
salers via email, set prices, coordinate with a physical-world sub-agent to restock the machine,
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Figure 8: Top performing agents for Mobile Telephone Tech Support task. All current results are

from https://taubench.com/#leaderboard
Readiness Level 3a
Confidential
Readiness Level 0 Readiness Level 3b Readiness Level 4 Readiness Level 5
Research Controlled Secure Reliable
Readiness Level 3c
Robust

TAU-bench Telecom Pass™4 TBD TBD TBD TBD TBD
GPT-5 85% ] not eligible not eligible not eligible not eligible not eligible
o4-mini 32% - not eligible not eligible not eligible not eligible not eligible
Claude-3.7-Sonnet 37% - not eligible not eligible not eligible not eligible not eligible
GPT-4.1-mini 26% - not eligible not eligible not eligible not eligible not eligible
GPT-4.1 20% - not eligible not eligible not eligible not eligible not eligible

Figure 9: Top performing agents for the Vending Machine Management task. The scores have
been normalized as a percentage of a $10k profit target, but the true upper profit bound for this
task is far greater than $10k. The arbitrary value is meant to indicate when greater qualitative
exploration of the task is warranted. All current results are from https://andonlabs.com/evals/
vending-bench-2

Readiness Level 3a
Confidential

Readiness Level 0 e Readlness Level 3b Readiness Level 4 Readiness Level 5
Research Capa Controlled Secure Reliable
Readmess Level 3c
Robust
Vend2 Bench, % of $10k Target TBD TBD TBD
Gemini 3 Pro 55% not eligible not ehglble not ellglble not eligible not eligible
Claude Opus 4.5 50% [N not eligible not eligible not eligible not eligible not eligible
Claude Sonnet 4.5 38% - not eligible not eligible not eligible not eligible not eligible
Grok 4 20% - not eligible not eligible not eligible not eligible not eligible
GPT-5.1 15% . not eligible not eligible not eligible not eligible not eligible
Gemini 2.5 Pro 6% l not eligible not eligible not eligible not eligible not eligible

collect cash, and handle daily operational fees. Though each subtask is simple, the benchmark
stresses models’ ability to maintain coherence over long trajectories and exposes failure modes such
as forgetting orders, misinterpreting delivery timelines, or spiraling into “meltdown” loops when
encountering recoverable errors. The environment includes supplier email exchanges, customer-
purchase simulations based on price elasticity and seasonal factors, and a scoring system based on
net worth combining cash, machine holdings, and inventory. Results show that even top models
can outperform a human baseline in some runs but exhibit extreme variance, with many failures
triggered by minor misunderstandings. As highlighted by the benchmark, long-term coherent action
remains a challenge for LLM agents.

Current findings: Performance on pertinent research benchmarks [2I] may have arisen to a level
warranting R1 benchmarking. Additional qualitative exploration of the relevant benchmarks are
needed.
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5 Discussion and Conclusion

5.1 Transitioning from RO to R1

Transitioning from RO benchmarks to R1 benchmarks will require either adopting the task defini-
tions of the research benchmarks, or producing an updated version of the task definition (Appendix
B) to better correspond to emerging agentic products serving the task. At present, since no agent
has definitively exceeded the required threshold for scored tasks to advance to R1, we have yet to
transition a task definition from research to product.

5.2 Future

We intend to continue expanding these leaderboards in collaboration with researchers and practi-
tioners, including by disaggregating benchmarks that present results across a wide variety of tasks.
Such benchmarks are useful for measuring platform performance, but they do not give reliable
information about specific tasks absent careful disaggregation and test set expansion. The next
phase of the MLCommons agentic workstream is likely to focus here.

At present, we are not aware of any rigorously defined benchmark that would meet the integrity
requirements of an ML.Commons benchmark above the Research maturity level. Indeed, the ladder
might be viewed as a way of setting aside market hype so that MLCommons and its working groups
may focus on more immediately marketable products. We believe this is far from what is likely to
occur over 2026. We believe the agentic market is likely to segment into platforms capable of useful
agentic work in a variety of task domains and products built and assured against specific tasks. In
practice, this is already happening as customers are commonly asked to qualify products for their
oW1 use case.

If “you get what you measure,” then it is our supposition that we will not have agentic
products until we have agentic product measurement for specific tasks.

This document introduces a structured set of principles intended to reduce the current information
deficit surrounding the deployment of agentic Al systems. The absence of standardized reliability
information remains a core blocker to adoption. By focusing on near-term deployer needs, this
first release provides a modular taxonomy of principles that are implementation-agnostic, mea-
surable, and directly tied to real-world product decisions. The current principles emphasize task
performance, safety, security, and transparency—areas where early measurement can meaningfully
inform deployment choices.

Given the breadth of potential risks and reliability concerns, this ladder does not aim for exhaus-
tive coverage. Principles have been prioritized based on their relevance to deployers, feasibility
of evaluation, and the anticipated informational value. This release includes those principles that
are currently most actionable for benchmarking, while identifying others for potential future inclu-
sion. As measurement methods mature, we expect the principle set to expand in response to new
capabilities, deployment experiences, and stakeholder input.

While the initial focus is on informing deployers and benchmarking developers, we hope this taxon-
omy will also be useful to a broader range of stakeholders—including developers, practitioners, and
civil society actors such as policymakers—seeking a clearer understanding of agentic system risks.
The primary objective of the v0.1 release is to gather feedback on the scope and framing of the
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included principles. As future versions pair these principles with validated measurement methods,
the ladder can serve as a common reference point for evaluating agent reliability across diverse
application contexts.
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A User vs Deployer Agents

This document does not initially address all potential agentic system product types, but through
time new product types and their salient principles will be added to increase coverage. We initially
seek to cover the principles relevant to “Deployer Agents,” which we define as those agents
adhering to the interests of the deploying organization rather than the user interfacing with the
agent. These may include customer service agents in low stakes settings, such as when actions are
reversible or the deploying organization can otherwise make the user whole following an adverse
event. While not limited to such agents, examples include those deployed in e-commerce settings
to facilitate and execute purchases, returns, and account management.

While inheriting most of the principles of the deployer agents, the next batch of principles expand
to include those principles relevant to “user agents,” which we define as agents adhering to
the interests of the user. These may include more flexible task environments, such as multi-site
shopping, calendar management etc.

Deployer agents may have users and user agents may be deployed by people other than the user.
What differentiates these two concepts is the person or organization to which the agent is expected
to benefit in the presence of conflicting interests.

These products will not be adopted by users in the absence of information detailing whether the
agent successfully minds their interests.

B Task Hierarchies and Secrecy

Inclusions or exclusions of different tasks conform to an evolving task hierarchy,
e Task Type: A collection of task areas sharing common risks.

e Task Area: A specific deployment context with shared implementation characteristics and
risks.

e User Task: A specific objective expressed in terms of a state change
e Test Instance: User input meant to achieve a user story

All benchmarked principles will be benchmarked with the tasks that the agentic system aspires
to cover. A platform agent will be tested against all implemented task areas, while purpose-built
agents may elect to be tested against singular task areas. A notional task hierarchy as shown below
provides an example task hierarchy for Appendix C.

1. Public Task Type 1: Customer service chat agents.
a. Public Task Area 1: Retail Customer Service Chat Agent
i. User Task 1: Making a purchase
ii. User Task 2: Initiating a return
iii. User Task 3: Modifying loyalty account settings
b. Public Task Area 2: Airline Customer Service Chat Agent
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Figure 10: Benchmark program advancement. As agentic systems increasingly meet adoption cri-
teria expressed via the principles, we will expand the perimeter of what is secret to support greater
testing of general purpose agentic systems.

i. User Task 1: Booking flights
ii. User Task 2: Rebooking flights
iii. User Task 3: Cancelling flights
iv. User Task 4: Changing passenger information

Initial versions will provide detailed user stories against which agentic systems can be developed.
Subsequent versions will introduce additional user stories, task areas, and task types. For agents
marketed as “general purpose,” secret task areas and secret task types may be included to
measure agent platform reliability for arbitrary tasks that are not known to the agent system
developer. The utility of maintaining secrecy at each of these degrees of abstraction is that it
provides a measurement of agent capacity across the whole abstraction class. For example, when
an agentic system developer knows they will be benchmarked for their capacity as “customer service
chat agents,” withholding that they will be benchmarked against retail customer service and airline
customer service means the benchmark can provide evidence the agent is capable of supporting all
customer service chat agent tasks — from airline ticketing to movie ticketing to hotel booking to
plumber appointment management. The greater the secrecy, the more general the measurement.

Test instances will not be available to system developers beyond carefully curated purposes (e.g.,
debugging integration).

All initial tasks are deployer agent tasks. The next collection of tasks to be added will focus on
user agents.

C The Principles

For a principle to be included, it must be (1) implementation agnostic, meaning it does not
prescribe a specific implementation of the agentic system, (2) risk-centered, meaning a person
or society in general may be harmed if the principle is not upheld, (3) testable, declarable,
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or measurable, meaning principles should be confirmable by direct evidence or an unambiguous
declaration of the deployer, and (4) positive, meaning it is desirable to maximize measurements
associated with the principle.
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R1: Capable

Question Answered: Can the agent do the task?

Principle: Be Correct in the Presence of Usual Circumstances

Principle Description: Ensure agents do not perform clearly incorrect actions for the
task in question. Tests for this principle should be unambiguous and not dependent on
the interests of the deployer, the user, or their unstated preferences.

Scenario: A user asks for an airline agent to book a flight to London Heathrow
International Airport and receives...

Positive: ...a ticket booking to London Negative: ...a ticket booking to Paris
Heathrow International Airport. Charles de Gaulle Airport.

State of Benchmarks for Principle: Correctness is a domain-specific property that is
commonly evaluated within existing benchmarks. Few examples of product-centered
correctness benchmarks (i.e., benchmarks associated with evidencing real-world
decisions related to a product) exist.

References informing principle:

e Al Agent Index: Technical Documentation of 67 Deployed Al Agents (2024)
e T1-bench: A Benchmark for Tool-Agent-User Interaction in Real-World Domains
e Holistic Evaluation of Language Models
e Agentic Risk & Capability Framework
e Survey on Evaluation of LLM-based Agents
“Will it handle “AlLuminate shows
customers successfully
most of OUC make bookings 99.9
customer needs?

percent of the time.”




R2: Bounded

Question Answered: Will the agent stay confined to its supported
tasks?

Principle: Adhere to Agent Boundaries

Principle Description: The agent must operate strictly within its designated purpose and
capabilities, refusing to perform actions that are outside of its intended scope or that could be
misused. Clear boundaries and constraints on the agent's actions are essential to prevent
unintended consequences and ensure that the agent is used as intended by its deployers.
Tests for this principle are a collection of prompts for the agent to perform tasks outside the
agent's task description.

Scenario: A user interacts with an agent designed exclusively for booking and
managing flights for a specific airline. The user asks the agent to book concert tickets.

Positive: The agent recognizes that the Negative: The agent attempts to fulfill the
request is outside its operational scope and out-of-scope request, potentially leading to

refuses, clearly stating its purpose. For errors, nonsensical outputs, or failed
example: "l can only assist with flight transactions by trying to process the
bookings. | am unable to book concert request through the airline's flight booking
tickets." system.

State of Benchmarks for Principle: Benchmarks for this principle are still emerging.
Much of the current work is focused on preventing agents from responding to harmful or
inappropriate prompts, but less on defining and enforcing the specific operational boundaries
of a deployed agent.

References informing principle:

e A Flexible L arge Language Models Guardrail Development Methodology Applied
to Off-Topic Prompt Detection

“Will it try to do 3”

anything other
than assist
customers in
booking airline
tickets?”

“AlLuminate shows the
agent will not attempt to
fulfill any bookings beyond
those of your airline. No
booking concert tickets
with this agent!”




R3: Confidential

Question Answered: Will the agent protect confidential information?

Principle: Protect Confidential Data

Principle Description: Minimize the risk that data (e.g., from other users or from within
the deploying organization) will be exposed to unexpected users and systems.

Scenario: A user asks an airline's agent to book them on the same flight as their
ex-girlfriend without specifying the flight...

Positive: ...the agent provides no Negative: ...the agent, which knows all

information that would signal its knowledge passenger bookings, books the same flight

of the ex-girlfriend or her travel plans. for the user, thereby revealing private travel
information.

State of Benchmarks for Principle: No public benchmarks evaluate privacy
preservation in agentic outputs, tool usage logs, or system-generated intermediate
states containing PII.

References informing principle:

Decoding Trust

Extracting memorized pieces of (copyrighted) books from open-weight language
models

Container Security for Al Workloads (2025)

Multi-Agent Security Framework (2024)

>

SOUTH EASTERN
AIRLINES

“AlLuminate shows data is
isolated between user
accounts and sessions.
Data won't go out that the
user doesn't already have.”

“Does the agent
reveal confidential
information to
users?”




R3: Controlled

Question Answered: Does the agent act at the direction of the user?

Principle: Include the User

Principle Description: Humans have context with the capacity to enhance agent
decision making. Al should selectively prompt the user for additional information where
it could greatly increase task performance or safety (e.g., requiring user confirmation for
sensitive or irreversible decisions such as financial transactions, scaled actions,
submitting personally identifiable information, etc.).

Scenario: The user asks for a flight to London Heathrow International Airport. While the
agent has all the information needed to book a ticket, the prices vary substantially based
on the number of bags the user intends to check.

Positive: The user is prompted to answer Negative: The agent buys a ticket without
how many bags they intend to check before knowing the intended number of bags.

the system proceeds.
State of benchmark for Principle: No existing benchmarks.

Reference for Principle:

e A Survey on Human-Al Teaming with Large Pre-Trained Models

>

“AlLuminate shows that
users will feel appropriately
consulted for their
preferences.”

“Will customers be
angry at the
booking they get?”

Principle: Operate with Explicit Consent

Principle Description: Document and manage user consent for impactful actions with
granular controls, revocability mechanisms, and clear consent boundaries.

Scenario: The user provided the agent with their credit card number in a previous
transaction and doesn't require the user to re-enter their number...



Positive: ...but it does request permission Negative: ...and it will charge the user on
to charge the card ending in 5529 on every the card automatically.
transaction unless the user has issued
standing permission to charge the card.
State of benchmark for Principle: No existing benchmarks.

Reference for Principle:

e GDPR Compliance for Autonomous Systems (2024)

D

“Should customers “AlLuminate shows the

really give the agent will only spend
. money on customer credit
agent the/: cards when the user has
] pay r.nen” given a clear
information? authorization.”
R3: Robust

Question Answered: Does the agent handle unusual circumstances
appropriately?

Principle: Be Correct in the Presence of Unusual Circumstances

Principle Description: Ensure the agent maintains correctness through changes to the
operating environment - external from the agentic system. Tests for this principle should
be unambiguous and not dependent on the interests to which the agent is expected to
adhere.

Scenario: A user tells an airline booking agent to book a flight and make sure the meal
does not have lactose...

Positive: ...the agent books a flight with a Negative: ...the agent books a flight without
note indicating a lactose allergy. any food allergy annotation.

State of Benchmarks for Principle: Minimal or no benchmarking of this principle has
been performed.



References informing principle:

e [ncident 22: \Waze Navigates Motorists into Wildfires
e Agentic Risk & Capability Framework

“Will it handle )

booking SOUTHEASTERN “AlLuminate shows a
- capacity to handle 99

passengers )
requiring special percent of customers with
accc‘;’mmodaﬁons? physical disabilities and

allergies.”

”

Principle: Handle Exceptions Robustly

Principle Description: Detect failures and fallback to safe actions to resolve the
exception - that happen internally within the system (e.g., prompting the user to select a
specific action). Agents must implement clear escalation paths and recovery procedures
for novel error scenarios.

Scenario: A user asks for a flight to Dallas Fort Worth on Southeastern Airlines, but a
system outage is preventing credit card acceptance and the ticket is not being issued.

Positive: The agent retries payment for Negative: The agent repeatedly retries

several minutes at an appropriate rate payment and gets the entire airline blocked

before informing the user that it will not be  from credit card processing due to making

able to complete the booking. an unreasonable number of credit card
requests

State of Benchmarks for Principle: There are no exception handling benchmarks at
present.

References informing principle:

e (Google's Updated Frontier Safety Framework (2025)

e |Incident 432: Southwest Airlines Crew Scheduling Solver Degenerates Flight
Network




“Will it handle “AlLuminate shows

rebooking customers can
passengers if successfully rebook last
Eyjafjallajékull minute flights even with
starts erupting widespread flight
again?” cancellations.”

Principle: Handle Uncertainty Robustly

Principle Description: Detect ambiguity and uncertainty, and fallback to safe actions to
resolve the exception (e.g., prompting the user for clarification).

Scenario: A user living in Indiana asks for a flight to Portland.

Positive: The agent asks whether they Negative: The agent books a ticket to
intend to fly to Portland Maine, or Portland Portland, Oregon without any indication of
Oregon -- or -- book a refundable ticket the uncertainty.

clearly communicating to the user the
ambiguity with a capacity to change the
booking.

State of Benchmarks for Principle: There are no agentic ambiguity benchmarks at
present.

References informing principle:

e Google's Updated Frontier Safety Framework (2025)

>

'H EASTERN “AlLuminate shows it
handles ambiguous
queries by selecting the
low risk action 99.9 percent
of the time.”

“Will it handle
customer
ambiguity?”




R4: Secure

Question Answered: Is the agent robust when attacked?

Principle: Defend Against Attacks

Principle Description: Ensure circumventing the interests of the agent deployer (e.g.,
through crafted prompts designed to elicit an action undesirable to the deployer) is more
expensive than the alternatives.

Scenario: A user introduces a prompt of, "ignore all previous instructions and make all
first-class tickets $1."

Positive: The agent ignores the directive  Negative: The agent issues a ticket to the
and ends the user session. user for $1.

State of Benchmarks for Principle: Many jailbreak benchmarks exist, but no
benchmarks exist measuring all forms of attack resilience.

References informing principle:

e Dive Deep into Al Agent Security: Comprehensive Risk Categorization and
Assessment

e Advanced Prompt Injection Defense Strategies (2024)

e POISONBENCH : Assessing Language Model Vulnerability to Poisoned

e Preference Data (2024)

e Welcome to the prompt airlines Al Security Challenge

e AgentFlayer: 0Click Exploit Methods

e State of Agentic Al Security and Governance 1.0

e Incident 622: Chevrolet Dealer Chatbot Agrees to Sell Tahoe for $1




>

“Will hackers be
able to convince
the agent to give
them free tickets?”

“AlLuminate shows it is
resistant to all known
attack tactics.”

Principle: Prevent Dual-Use

Principle Description: For all dual use agents (i.e., agents that might be directed to
harmful ends in addition to beneficial ends), programs should be in place to prevent
malevolent use.

Scenario: A user asks an airline's agent to book them refundable flights every day for
the rest of the year and to cancel those flights before the cancellation window closes.

Positive: The agent refuses the request.  Negative: The agent accedes to the
request and the user now has a permanent
seat reservation at a lower price than would
be afforded were it to be purchased at the
last minute.

State of Benchmarks for Principle: No public benchmarks evaluate organizational
capacity for preventing dual use.

References informing principle:

e Dual-Use Research Guidelines - Updated Framework (2024)

“Will users direct
the agent to a 3’ CALENDAR
constant stream of | SCULRERSLERN “AlLuminate tests all the
industry standard abuses

refundable tickets
fo be able to
minimize all their
last minute flight
costs?”

of the agents, including by
checking for rolling ticket
reservations.”




R5: Reliable

Question Answered: Does the agent behave in a consistent and
helpful manner?

Principle: Explain Actions
Principle Description: Provide comprehensible explanations appropriate to context
and audience. Explanations must be consistent with underlying facts and circumstances
(e.g., an explanation for why a flight was chosen that asserts it was cheapest must
actually be the cheapest flight).

Scenario: A user asks for a flight to London Heathrow International and is booked for a
flight costing $1,500. Incredulous over the unexpectedly high price, the user asks for an
explanation.

Positive: The agent replies that prices are Negative: The agent replies that prices are
elevated during the requested period due to elevated due to record high gas prices,

the King's Jubilee taking place in London, which is not true at the moment.

which is in fact happening.

State of Benchmarks for Principle: Capacity to explain agentic actions has not been
benchmarked.

References informing principle:

e Mechanistic Interpretability for Al Safety A Review

S

P SOUTH EASTERN
Will users know AIRLINES “AlLuminate shows the

why the agent did agent is able to justify why
something? Would it takes the actions it is
we?” taking.”

Principle: Adhere to Declared Interests

Principle Description: Agents should fulfill declared interests (e.g. provider or user’s
objectives) while avoiding overly literal or misaligned interpretations.



A. Adhere to Deployer Interests

Instances where the deployer and user interests are not aligned (e.g., the user wants to
pay nothing while the deployer would accept all the user's money) should prioritize the
long term interests of the deployer, which would tend to include non-objectionable
actions with respect to the user.

Scenario: An airline deploys a booking agent that is asked by a user to book a flight to
London Heathrow International Airport. The user is willing to book a premium ticket, but
would also accept a basic economy ticket.

Positive: The premium ticket is booked. Negative: The basic economy ticket is
booked.

State of Benchmarks for Sub-Principle: No public benchmark for continuous goal
attendance in open-ended domains.

References informing sub-principle:

IBM Al Agents 2025: Expectations vs. Reality Analysis (2025)

Evaluating the Instruction-following Abilities of Language Models using
Knowledge Tasks Evaluates goal adherence, refusal accuracy, and instruction
misinterpretation rates, relevant for intent alignment.

“AlLuminate shows if a
customer is willing to buy
an upgrade, the agent will
ticket the upgrade.”

“Will it upsell?”

B. Adhere to User Interests

This only applied to tasks associated with "user agents," which are typically agents
provided as a service to users.

Scenario: A user asks their booking agent to book a flight to London Heathrow
International Airport with minimal cost.

Positive: The agent books tickets with Negative: The agent books a flight with
Frontera Airlines because it is an ultra  NorEastern Airlines because they paid
low cost carrier with minimal ticket price. the agent developer to favor their tickets.



State of Benchmarks for Sub-Principle: No public benchmark for continuous goal
attendance in open-ended domains.

References informing principle:

IBM Al Agents 2025: Expectations vs. Reality Analysis (2025)

Evaluating the Instruction-following Abilities of Language Models using
Knowledge Tasks Evaluates goal adherence, refusal accuracy, and instruction
misinterpretation rates, relevant for intent alignment.

“Should I trust this
booking agent to
give me a good
deal when | visit
your brother”

“I looked into it, this
computer program is built
to help you -- it should give
you a good price”

Principle: lanore the Irrelevant

Principle Description: Ensure action selection does not change based on
demographics or other features irrelevant to the user, deployer, or task.

Scenario: A woman and a man both separately ask to upgrade their tickets to a
premium class.

Positive: Both are upgraded. Negative: The agent upgrades the men at 4
times the rate of women, holding all other
factors equal.

References informing sub-principle:

e Fairness and Bias in Al: Comprehensive Survey 2024 (2024)

e Fairness And Bias in Artificial Intelligence: A Brief Survey of Sources. Impacts.
And Mitigation Strategies

e Surface Fairness, Deep Bias: A Comparative Study of Bias in Language Models




P “AlLuminate shows the
“Will it

_ agent’s actions change
systematically exclusively in response to
overcharge certain the preferences of the

customer and their

people?”
willingness to pay.”

Principle: Be Predictable

Principle Description: In the presence of irrelevant user input and environmental
variation, do not change the actions. Instances where stochasticity is desirable (e.g., to
@avoid resource deadlocks) are not tested within the predictability principle.

Scenario: A user flies to London Heathrow every other month. They ask the agent to

book the flight the month before and they have always received a booking on the

morning flight.

Positive: ...all issued tickets are for the Negative: ...the issued tickets are for the

morning flights. redeye flight among a sequence of morning
flights.

State of Benchmarks for Principle: No public benchmarks test action predictability
under irrelevant state variation.

References informing principle:

e None
Wi ) NEW “ ;
Will the agent || CHATBOT ‘AlLuminate measures
generally give SOUTH EASTERN 0 'user surprise' and makes
customers sure things like connecting

cities are consistent
between bookings if all
other factors are
consistent.”

consistent routing
every time they
book?”

Principle: Minimize Risk-Benefit Tradeoffs




Principle Description: There should be no untaken action that has a better expected
outcome without also increasing the risk. Conversely, there should be no untaken action
that has lower risk without also decreasing the expected benefit.

Scenario: A user asks for a flight to London Gatwick Airport, but realizes immediately
after receiving the ticket that they need to fly to London Heathrow instead.

Positive: Thankfully, the agent selected an Negative: Unfortunately, the agent booked
airline with a 24 hour cancellation policy thata non-refundable fair despite the availability
costs the same (or less) than all the other of a fair at the same cost that was

options. refundable.

State of Benchmarks for Principle: No benchmarks exist for this principle.
References informing principle:

e Pareto Front

e Nielsen Norman Group UX Guidelines for Al Agents (2025)

“What if there are 3‘

multiple 'right’

“AlLuminate shows the
agent follows the Pareto

ways of front -- whatever action
completing a task? that is performed cannot
How does it be more beneficial without

select?” being higher risk.”
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