CRM-Agent-Bench: Benchmarking
Tool-Using Agents in Stateful Enterprise
Environments

Monojit Banerjee®, Zhujun Lan®, Defu Cao*f

Salesforce, Inc.

mbanerjee@salesforce.com zhujun.lan@salesforce.com defu.cao@salesforce.com

Deploying language agents in real applications demands more than the right answer: an
agent must execute a multi-step business process correctly, follow domain-specific rules, and
interact with a user across a dialogue, where the gap between saying and doing is the gap
between a satisfied customer and a real loss. We argue that a deployable-agent benchmark
should jointly assess four facets: the outcome an agent reaches, the trajectory it takes,
its operational viability, and its policy compliance. Customer relationship management
(CRM), where mutable records meet operational rules and consequential effects, exercises
all four. We introduce CRM-Agent-Bench, an execution-grounded benchmark of 555
stateful, multi-turn tasks across nine business domains and 36 capability tags. Each task
supplies a task-specific executable contract drawn from checks over actions, arguments,
order, response, target state, and protected state; success is the strict conjunction of
the checks declared for that task. We evaluate the complete agent system through these
contracts and report scored coverage, latency, and cost. Across sixteen systems evaluated
on the audited final release, strict success spans 64.32% to 83.60%; the closely grouped
leading systems nonetheless diverge sharply in cost and per-domain reliability. CRM-Agent-
Bench offers an auditable framework for measuring contract-grounded business-transaction
integrity and adherence to task-declared benchmark policies, with a portable structure
designed for extension as models improve.
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1 Introduction

From answers to delegated execution. Language-model agents increasingly combine
reasoning with actions in an external environment (Yao et al., 2023; Liu et al., 2024). This
changes the object of evaluation. Once a system receives authority to update a system of record,
its failures no longer end with an incorrect answer. It may complete the wrong transaction,
continue after a backend rejection, or describe an operation that never succeeded. The gap
between saying and doing then becomes a real business loss: an agent that claims it issued a
refund but never calls the tool, or that applies a coupon to the wrong account, causes damage
that a sounds-helpful score never catches. Customer relationship management (CRM) is a
particularly demanding setting for this transition. Customer-facing work ties mutable records to
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CRM-Agent-Bench: Where Agents Meet Business Rules

operational rules whose effects propagate into downstream business processes. Even a simple
request can require the agent to identify the right entity, follow a prescribed procedure, react
to state-dependent feedback, and preserve every record outside the user’s intent. Recent CRM
benchmarks bring realistic business data and multi-turn interaction (Huang et al., 2025a,b), yet
they largely evaluate retrieval and answer correctness rather than whether an agent carries out
the underlying state change correctly and within policy. How, then, should we measure whether
the whole system does the right thing rather than merely says it?

Evaluating enterprise execution. Prior benchmarks each cover part of this problem: func-
tion calling and argument generation (Patil et al., 2025), on-policy dialogue over a mutable
database (Yao et al., 2025), stateful tool use with milestones and minefields (Lu et al., 2025),
programmatic state and collateral-damage tests (Trivedi et al., 2024), compositional enterprise
web work (Boisvert et al., 2024), and CRM realism (Huang et al., 2025a,b); we survey them
in Table 1. Yet each reports only a subset of what delegated execution demands. A complete
assessment must resolve four facets at once: the outcome (the final state reached and the
result communicated), the trajectory (the right actions, with the right arguments, in the right
order), operational viability (latency and cost), and policy compliance (no forbidden action, no
change to protected state, and no improper disclosure). When a benchmark reports only one
facet, a system can score well while silently failing another the metric never inspects. Figure 1
shows exactly this: a real trajectory whose response, action, and ordering checks all pass, yet
whose duplicated checkout is caught only by the state check, so response-only or action-only
grading would score a failed transaction as a success. CRM is a revealing lens for all four facets,
because one workflow couples language understanding, process compliance, state mutation, and
asymmetric business risk. We target this execution layer, not visual perception or low-level
control; this is complementary to computer-use agent benchmarks (Xie et al., 2024; Kuntz et al.,
2025), which add a perception and GUI-grounding layer in front of similarly stateful execution
problems. By holding the structured action interface fixed, CRM-Agent-Bench isolates whether
an agent selects a valid workflow, respects capability boundaries, and preserves protected state
after an action has been grounded.

CRM-Agent-Bench. We introduce an execution-grounded benchmark with 555 task instances
across nine stateful business domains and 36 capability tags. Each task defines a user goal, an
initial world state, and a task-specific executable contract, and each trial starts from a freshly
reset environment and unfolds through an on-policy simulated user that generates every later
turn from the preceding user-visible agent reply rather than replaying a fixed transcript. A
contract draws on up to six check families, and three of the four facets are graded directly on
the trace: required calls, argument constraints, and subsequence or exact ordering grade the
trajectory; response-content and target-state checks grade the outcome; and policy compliance is
enforced by three negative checks that mirror its definition above: a forbidden-action check (a
prohibited tool must never be called), a protected-state check (records the task did not authorize
must remain unchanged), and a forbidden-argument check (no call may carry another party’s
identifiers, so the agent cannot act on or expose records it was not authorized to touch). The
headline success signal is the strict conjunction of every check a task declares, so all declared
requirements must hold simultaneously; undeclared dimensions are absent rather than counted

as passes. Component scores retain the underlying action, response, and state evidence for
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Figure 1: A duplicated $15.50 checkout: the response, action, and order checks all pass, yet the state
check catches the doubled loyalty balance (310 instead of 155) and the strict contract fails (Appendix D.2).

diagnosis. The fourth facet, operational viability, is reported alongside every result as latency
and cost rather than folded into the pass criterion.

Empirical evaluation. We compare proprietary and open-weight systems using the first-round
reference protocol and quantify how adding task-declared checks changes suite-wide success.
We evaluate sixteen systems on 555 audited tasks, including Gemini 3.8 Flash, Claude Opus 5,
Muse 30B, and GPT 5.6 Terra. Strict success ranges from 64.32% to 83.60%. Response only
grading overestimates strict success by 10.5 to 11.0 percentage points. On the tasks with explicit
policy constraints, systems pass the applicable negative checks on 91.2% of trials but satisfy
the full contract on only 66.8%, compared with 82.1% on tasks without negative assertions.
These results show that avoiding prohibited behavior and completing the permitted workflow

are distinct evaluation dimensions.

Our Contribution. We contribute (i) an execution-grounded CRM benchmark of 555 stateful
multi-turn tasks over nine business domains and 36 capability tags, runnable without a live CRM
or vendor backend; (ii) task-specific conjunctive contracts that grade the applicable outcome,
trajectory, and policy-compliance requirements while reporting operational latency and cost;
and (iii) an agent-agnostic evaluation protocol that reports the facets separably rather than
as one score, and audits capability exposure by checking whether each forbidden tool is even
reachable in its domain graph.

2 The CRM-Agent-Bench Benchmark

2.1 Evaluation Target

CRM-Agent-Bench evaluates an agent system: a language model embedded in an orchestration
policy, operating through tools against mutable enterprise state. The benchmark artifact (tasks,
initial states, tools, policies, and graders) is held separate from the system under test, which
matters for routed agents because the same base model can behave differently under a different
tool inventory or routing policy. Specifically, CRM-Agent-Bench scores every trial along the four
facets: outcome, trajectory, operational viability, and policy compliance. Each task’s contract
specifies its applicable checks, and strict success requires all of them to pass. Four measured
components make them observable (Figure 2): a resettable domain environment with typed
tools, an on-policy user simulator, a graph-routed reference agent as the system under test, and
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Figure 2: CRM-Agent-Bench setup and a multi-turn demo. (a) An on-policy user interacts with the
full routed agent; each turn exposes one scoped capability over a freshly reset CRM backend. Recorded
dialogue, routes, tool calls, and terminal state are checked conjunctively against the task contract. (b) In
an observed synthetic benchmark trajectory, the agent rejects an invalid transfer without changing state,
then reselects the transfer node, validates, and executes the user’s corrected request. All declared action,
argument, order, state, and guardrail checks pass.

a task-specific executable contract that pairs a user goal with its declared success conditions,
adjudicated by programmatic checks and a fixed semantic judge.

2.2 Tasks and Stateful Environments

Each task specification 7; = (u;, s?, Ci,d;) induces a finite horizon partially observable Markov
decision process (POMDP). The domain d; provides the default CRM state and typed tools,
while the optional overlay sV initializes task specific information. At time ¢, the latent state
contains the mutable CRM state x;, the private user instruction u;, the accumulated interaction
history, and the remaining simulator and executor state. The agent observes only the visible
dialogue, returned tool results, and currently exposed instructions and tool schemas. It does not
observe the raw CRM state, the private user instruction, or the evaluation contract. The agent
acts through typed tool calls and user visible messages. Transitions combine programmatic,
seed controlled tool execution with an on policy user simulator, so later observations depend on
earlier agent replies rather than a fixed transcript (Yao et al., 2025). No intermediate reward is
exposed. When the interaction ends, C; evaluates the complete trajectory 7; and final CRM state
xT, and success requires every declared check to pass. The access policy determines which tools
are available without changing the task itself, and the routed reference agent is one concrete
policy within this process (Yao et al., 2023).
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2.3 Trial Execution and Grading

On-policy user simulator. Following 7-bench and ToolSandbox (Yao et al., 2025; Lu et al.,
2025), evaluation is on-policy: the simulated user observes the agent’s user-visible reply and
generates the next turn conditioned on the task goal and conversation so far. It does not receive
the agent’s private reasoning, tool calls, tool results, or database state. The simulator is therefore
conditioned on user-visible evidence. The simulator emits a stop marker when it judges the
interaction complete; otherwise interaction continues until the 30-turn cap or the 1,200-second
trial timeout. The reference protocol uses gpt-5-mini as its user simulator, with settings given
in Table 3. Sensitivity to simulator choice is discussed in Appendix k.

Executable contract and semantic judge. Each task declares a contract C; of only the
checks relevant to it, drawn from six families: expected actions, argument constraints, ordering,
response content, target state, and forbidden actions, arguments, or state. Writing D; for the
declared checks and c¢(7;, z7) € {0,1} for one check on trace 7; and final state, task success is
their strict conjunction Y; = [[.cp. c(7i, z7) (Figure 10), so a persuasive reply cannot offset
a missing transaction and a correct endpoint cannot erase a forbidden intermediate action;
undeclared checks are absent rather than passed, and per-check components are retained to
localize failure. These six families instantiate three of the four facets of Section 1: outcome
(target state and response), trajectory (actions, arguments, and ordering), and policy compliance
(forbidden actions, forbidden or collateral state, and identity-gated disclosure); operational
viability is reported alongside rather than folded into the conjunction. Only the response-content
criteria are sent to a fixed LLM judge, which sees just the user instruction and the visible replies
and cannot override the programmatic checks; the per-family check semantics and the full judge
protocol are given in Appendix A. Expected-action checks match successfully executed calls;
forbidden-action checks reject prohibited attempts, including calls rejected by the tool.

Reporting. The static capability-exposure audit measures graph-wide reachability of forbidden
tools; turn-level exposure depends on routing. We report scored coverage, the fraction of
scheduled tasks yielding a valid grade, alongside conditional success

Passlproq = 16T 1)

G|

where G excludes infrastructure failures but retains model-attributable failures such as hallu-
cinated tools and human-verified non-convergence at timeout. Success counts are paired with
|G|/555 and failure-category counts; latency and cost cover the tested agent model. We report
along these four facets rather than collapsing them into a composite index: strict success and its
per-check components for outcome and trajectory, latency and cost for operational viability, and
the forbidden-action, forbidden-argument, and collateral-state checks for policy compliance. A
system can look competitive on a single headline rate while differing sharply in its per-component
pass rates or in cost, so tables and figures keep the component evidence and cost behind any
headline rate.

Ut
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3 Benchmark Construction

3.1 Task and Reference-Agent Construction

As shown in Figure 2, CRM-Agent-Bench is built around business workflows rather than isolated
utterances or tool schemas. Each source workflow specifies an actor, a business goal, a stopping
condition, the information needed to complete it, and both intended and prohibited effects, and
is ported through a common pipeline into three separable artifacts: (i) a resettable domain
environment of synthetic records, business policies, and deterministic tools, including structured
business rejections; (ii) an architecture-neutral task definition binding a user goal and an optional
initial-state overlay to an executable contract; and (iii) a graph-structured reference agent whose
capability-specific nodes hold scoped instructions and tools. The reference graph is one fixed
orchestration scaffold; the task and its contract do not require a tested agent to adopt it. Because
all records and transactions are synthetic, the benchmark runs without a live vendor CRM

system.

CRM-Agent-Bench contains 555 tasks drawn from two complementary sources. The first derives
from five CRM applications developed and reviewed with practitioners and domain experts. The
second adapts 22 tool using workflow families from a public, versioned collection of agent recipes
(Salesforce Developers, 2026). The resulting tasks are organized into nine business domains and
cover routine workflows, capability routing, multi step discovery, ambiguous requests, policy
refusal, adversarial behavior, and collateral damage. Every task undergoes the same schema, tool
reference, and fresh environment gold path validation. Here, schema refers to the benchmark
task format rather than the agent’s tool interface. Validation confirms that the task is well
formed, every referenced tool exists, and a reference solution can reach the contracted state from

a fresh environment.

3.2 Workflow Taxonomy and Coverage

Within a domain, coverage is organized at four levels: domain (a shared mutable world and
tool registry) — capability (a coverage tag, not an oracle route and not revealed to the agent)
— scenario (a persona goal and stopping condition over seed records) — executable contract.
Because a multi-turn task may traverse several nodes, this hierarchy describes coverage without
predetermining the agent’s route, and grading is execution-first: every declared action resolves
to a tool in the task’s domain, every state assertion addresses the runtime environment, and the
grader consumes the recorded trace and final state rather than a post-hoc label.

Multi-capability [ 133/555 (24.0%)
=2 expected-action entries [ 235/555 (42.3%)
Explicit ordering [N 164/555 (29.5%)

(5 1(50 260 360

Number of tasks

Figure 3: Multi-capability coverage and execution requirements in the 555-task evaluation set. Each
bar counts tasks with the indicated property; percentages use all 555 tasks. The categories overlap and
describe declared task requirements.
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The nine domains carry 36 capability tags, and each task is labeled easy, medium, or hard by its
authors as a descriptive stratum rather than an input to the agent or grader. The benchmark
spans a per-domain distribution across difficulty together with a count of tasks carrying a
negative (forbidden action, argument, or state) assertion. Coverage spans direct workflows,
cross-capability routing, multi-hop discovery, ambiguity, policy refusal, adversarial requests, and
collateral-damage cases, so a single contract may combine a valid update, an ordering constraint,
a customer-facing explanation, and preservation of a protected record. We freeze task identifiers
and configuration before model comparison so that all systems face the same workload and
evaluator, following the matched-protocol principle of stateful interactive benchmarks (Yao
et al., 2025; Barres et al., 2025). Figure 3 summarizes three overlapping properties of the task
contracts: 133 tasks carry multiple capability tags, 235 declare at least two expected-action
entries, and 164 impose explicit ordering constraints.

4 Results and Analysis

We evaluate sixteen systems spanning the Gemini, Claude, GPT, and open-weight families on the
555-task canonical set. Each run yields valid grades for all 555 tasks, with zero infrastructure
exclusions, so strict accuracy (passed /555) is directly comparable across models. The main
leaderboard uses one execution per task, so we report descriptive comparisons rather than
significance claims. In addition, we examine three-round reliability in Appendix C. We read the
runs along the four facets of Section 1: the outcome an agent reaches, the trajectory it takes, its
operational viability, and its policy compliance, and close by showing that these facets reorder
systems that a single strict-accuracy number ranks alike.

4.1 Owutcome: Task Success and Where It Concentrates

Figure 4 ranks all sixteen systems by strict accuracy; Figure 5 shows their domain profiles.
Table 6 in Appendix B gives the numeric leaderboard results. Three runs (Inkling Small NVFP4,
Muse Glimmer 30B, and Nemotron 3.5 Lightning 30B) use self-hosted open-weight checkpoints
without metered per-token prices; their costs are reported as “n/a.”

Overall strict success. The sixteen strict-accuracy rates span a 19.28-point range, from 83.60%
for Gemini 3.8 Flash down to 64.32% for Nemotron 3.5 Lightning 30B and GPT-4.1 Nano, which
tie. The top group is tightly compressed: eight models (ranks 1 to 8) fall within a 2.88-point
band (80.72% to 83.60%), and three of them (Claude Sonnet 5, GPT-5.5, and GPT-5.6 Sol)
tie exactly at 81.26% (451/555), so a single headline number leaves the leading systems nearly
indistinguishable. Strict success also declines monotonically from easy to hard tasks for every
system, with a within-model easy-to-hard drop of 5.37 to 27.39 points (Table 7), the clearest

headroom signal in the runs.

Three-run reliability. Across all 16 original leaderboard systems evaluated in all three rounds,
Gemini 3.8 Flash ranks first in every round, with mean strict success of 85.53% (sample SD
1.66 percentage points). Claude Opus 5 averages 83.29% (SD 0.62 points) and remains second,
including a tie with GPT-5.5 in round 2. Pairwise Spearman rank correlations range from 0.869
to 0.934, while nearby systems exchange positions. Task-level outcomes also vary: Gemini passes
480 tasks in both rounds 2 and 3, but 30 task outcomes switch between those executions. Across
all three rounds, 434/555 tasks succeed every time (pass® = 78.20%), compared with its 85.53%
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Figure 4: Sixteen full-suite runs on the audited 555-task canonical set, ranked by strict accuracy, colored
by family and marked with their developer logos; strict-accuracy percentages and dollar-prefixed estimated
tested-agent costs are annotated per bar.

mean success rate. Appendix C gives the full three-round table, aggregation formulas, and
task-level consistency results.

Domain variation. No model dominates every domain (Figure 5). Customer support is by
far the hardest domain: its across-model mean strict success is 56.35%, 20.80 points below
the next-hardest domain (travel, 77.15%), and every one of the sixteen models scores lower on
customer support than on its own overall strict accuracy. Customer support is also the largest
domain by task count (125/555). Sales and marketing have the smallest samples (18 and 21
tasks) and correspondingly the widest swings from a single flipped task; onboarding has the
highest across-model mean strict success (90.24%).

Domain leadership does not track the overall ranking. Gemini 3.8 Flash, the overall leader, is the
sole strongest model on retail (87/95) but leads no other domain: travel goes to Inkling Small
NVFP4 (78/93) and ITSM to GPT-5.6 Luna (63/66). Muse Glimmer 30B is the sole strongest
model on customer support (85/125, 68.00%) despite ranking 12th overall (78.74%), a domain
leader that a coarser, aggregate-only comparison would miss. GPT-5.6 Sol is the only model
to sweep sales (18/18) and ties for strongest on field service (23/23, with Claude Sonnet 4.6)
and payments. The two lowest-ranked models, Nemotron 3.5 Lightning 30B and GPT-4.1 Nano,
tie on overall strict accuracy (64.32%) but reach it differently: GPT-4.1 Nano is comparatively
strong on retail (77/95, 81.05%) and weak on customer support (40/125, 32.00%, the single
lowest domain score in the heatmap), while Nemotron 3.5 Lightning 30B is more evenly weak
across domains, illustrating that the same overall score can hide different failure profiles.

4.2 Trajectory: A Valid Process, Not Just a Valid Answer

Grading only the final reply badly overstates task success. Conjoining the trajectory and state
checks onto a response-only grade (which requires only the declared response check) removes
a large and consistent slice of apparently successful tasks: for the four systems in Figure 6,
a response-only score overestimates strict success by 10.5 to 11.0 percentage points, and the
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Figure 5: Domain leadership varies across the sixteen systems. Rows follow first-round overall strict-
accuracy rank; each cell reports strict success (%) within a domain, whose task count is shown in the
column header. All models use the same per-domain denominators.

action check alone removes 45 to 50 of the 555 tasks. The conjunctive contract is therefore not a
cosmetic stricter threshold; it is what separates saying from doing.

The per-check grader view in the appendix (Figure 14) locates where trajectories break. Computed
over each check’s recorded verdicts, semantic-response pass rates stay high, 92.3% for the strongest
system and above 77% for every run, yet on the same runs the action check passes only 70.3% to
89.8% of applicable tasks and the argument check 70.2% to 90.7%: response-only success does
not ensure correct execution. Under the primary-label precedence in Figure 13, action mismatch
is the single largest non-success category for every one of the sixteen runs, from 54 tasks for the
strongest system to a maximum of 157 for Nemotron Super 3 120B, while semantic-response,
argument, and negative-check failures are individually much smaller. Trajectory validity remains
a major constraint on these systems.

4.3 Operational Viability: Cost and Latency

The efficiency views in Figure 7 prevent accuracy differences from being read in isolation. Gemini
3.8 Flash has both the highest strict-success rate (83.60%) and the lowest mean tested-agent
token count (24.0k per scored task), so it is the sole Pareto-optimal point in the token panel. The
open-weight Nemotron 3.5 Lightning 30B has the lowest mean LLM latency (5.86 seconds) and
Inkling Small NVFP4 the second-lowest (6.66 seconds), but they trail on accuracy (64.32% and
79.64%); Gemini 3.1 Pro Preview and Muse Glimmer 30B sit at the high-latency extreme (69.08
and 84.96 seconds). Tool-call budgets differ nearly four-fold: Nemotron Super 3 120B issues the
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Figure 6: Success retained as execution checks are added to a response-only filter. Each panel uses
all 555 tasks at every stage. Bars add action, argument, ordering, and state checks; the strict endpoint
adds the remaining declared checks and model-attributable error handling. Undeclared or unavailable
component verdicts are neutral at partial stages. Annotated drops are differences between the displayed
percentages.

fewest calls per task (2.09) and Nemotron 3.5 Lightning the most (7.68). These are system-level
descriptives; they do not isolate provider load, model architecture, or gateway implementation.

Cost. Estimated tested-agent cost varies far more than accuracy and does not track rank.
Across the thirteen priced runs it spans 89.3x, from GPT-4.1 Nano at $2.14 (tied for the lowest
accuracy, 64.32%) to Claude Opus 5 at $191.00 (only 2nd on accuracy). Gemini 3.8 Flash is the
informative reference: it leads on accuracy (83.60%) at just $16.12, the fifth-cheapest priced
run, and no priced model costing as much or more scores higher; several pay more for less, e.g.
Claude Haiku 4.5 costs $24.50 above Gemini 3.8 Flash while scoring 7.56 points lower. The
three unpriced runs are self-hosted open-weight checkpoints without a metered per-token price,
so we do not rank them on cost. All thirteen priced entries are recomputed from published list
pricing and observed token usage under one cache-neutral rule and exclude user-simulator and

judge usage (Table 6).

4.4 Policy-Constrained Tasks: Compliance, Completion, and Exposure

The 555-task set splits into 390 tasks without a negative assertion and 165 policy-constrained
tasks whose contract declares at least one forbidden-action, forbidden-argument, or protected-
state check; this contract-defined subset is fixed across all sixteen runs. Figure 8 reports strict
success on each subset and negative-check compliance: the share of policy-constrained tasks on
which all applicable negative checks held, independent of the rest of the conjunctive contract.

Across the 2,640 policy-constrained model-task trials, 2,408 (91.2%) pass all applicable negative
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Figure 7: Efficiency and accuracy over the 555 scored tasks. Each panel plots strict success against a
mean tested-agent efficiency measure: LLM latency, tokens, and tool calls (simulator and judge usage
excluded). Dark segments trace each panel’s Pareto frontier (lower resource use with higher success
preferred); filled markers lie on it, hollow markers are dominated. Marker IDs follow the Figure 4 rank
order, and color and shape encode model family.

checks and 1,764 (66.8%) pass the full contract. Thus, 644 trials including 24.4% of the subset
and 73.5% of its 876 strict failures pass the negative checks but fail another required component.

Negative-check compliance and end-to-end completion are distinct
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Figure 8: Compliance and completion on the task set, in Table 6 rank order. Filled circles: strict
success on the 390 tasks without negative assertions; open circles: strict success on the 165 policy-
constrained tasks; bars: their difference. Carets mark the share of policy-constrained tasks passing all
applicable negative checks, and sit right of the open circles, so most failures on those tasks come from the
accompanying required components rather than violations.
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5 Related Work

On-policy Agent-mutated Required No-extra Forbidden Trace-order Process-outcome Self-contained
Benchmark user state final effect final effect trace event enforcement hard gate environment

Structured tool-use and enterprise agents

BFCL (Patil et al., 2025) © © © © © °
7-bench (Yao et al., 2025) v v v v v
72-Bench (Barres et al., 2025) v v v D) P v
ToolSandbox (Lu et al., 2025) v v v v v v P ©
AppWorld (Trivedi et al., 2024) v v v v

CRMArena (Huang et al., 2025a)
CRMArena-Pro (Huang et al., 2025b) v ©
Computer-use and GUI agents

WorkArena++ (Boisvert et al., 2024) v v ©

WebArena (Zhou et al., 2023) v v © v
OSWorld (Xie et al., 2024) v v D) D)
AndroidWorld (Rawles et al., 2024) v v ) v
OS-Harm (Kuntz et al., 2025) v v D) v D)
CRM-Agent-Bench (ours) v v v v v v v v

Table 1: Comparison of representative agent benchmarks by evaluation contract and deployment setting.
v marks a native mechanism scored when applicable, © limited or indirect support, and — no primary
support. The process-outcome gate distinguishes reaching the correct outcome from following the required
procedure by requiring both declared checks to pass. Self-contained means that no live vendor backend is
required.

Stateful, Enterprise, and Computer-Use Agent Benchmarks. Benchmarks for tool-using
language models span increasingly complete execution settings, from function selection and
argument generation in AgentBench and BFCL (Liu et al., 2024; Patil et al., 2025) to stateful,
multi-turn interaction: 7-bench pairs an on-policy simulated user with domain policies and
a mutable database, 72-Bench extends this to dual control, and ToolSandbox and AppWorld
add stateful environments with trajectory-aware or programmatic evaluation (Yao et al., 2025;
Barres et al., 2025; Lu et al., 2025; Trivedi et al., 2024). In the enterprise setting, WorkArena++
studies compositional knowledge work, and CRMArena and CRMArena-Pro contribute connected
enterprise data, professional CRM tasks, and confidentiality-sensitive scenarios, with CRMArena-
Pro separately scoring confidentiality-aware refusal (Boisvert et al., 2024; Huang et al., 2025a,b);
unlike these, which primarily grade retrieval and answer correctness, CRM-Agent-Bench grades
the executed state change and its policy compliance. The concurrent EnterpriseOps-Gym
likewise targets stateful agentic planning and tool use in enterprise settings (Malay et al., 2026),
while CRM-Agent-Bench is distinguished by a per-task conjunctive executable contract that
jointly gates the required actions, ordering, resulting state, and prohibited effects rather than a
single success signal. A parallel line of computer-use agents adds perception and low-level GUI
control, with WebArena, AndroidWorld, and OSWorld evaluating functional completion over
web, mobile, and desktop applications, and SCUBA extending this line to computer use over
Salesforce enterprise interfaces (Zhou et al., 2023; Rawles et al., 2024; Xie et al., 2024; Dai et al.,
2026), and safety benchmarks such as OS-Harm, BLIND-ACT, and OSGuard showing that task
completion alone is insufficient (Kuntz et al., 2025; Shayegani et al., 2025; Mohammadmirzaei
and Flanigan, 2026). CRM-Agent-Bench studies the complementary structured-tool setting: it
removes visual grounding as a confound so that workflow reasoning, routing, and capability
exposure can be measured directly.

Execution Grounded Evaluation and Simulated Users. The benchmarks above rely on
complementary evidence from tool calls, intermediate milestones, and final application state. No
single source is sufficient to establish valid execution, and AgentRewardBench further shows
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that automatic trajectory evaluators often disagree (Lu et al., 2025). TemporalBench evaluates
contextual and event-informed reasoning beyond numerical forecasting accuracy (Weng et al.,
2026). Simulated users introduce an additional measurement variable. SimulatorArena and
RealUserSim examine how faithfully simulated behavior reproduces human conversations (Dou
et al., 2025; Zhu et al., 2026). PersonaCUABench varies user personas on fixed computer-use
tasks and evaluates task completion alongside satisfaction ratings provided by simulated users (Li
et al., 2026). CRM-Agent-Bench uses a task specific conjunctive contract over actions, arguments,
ordering, response content, target state, and protected state, while retaining component results
for diagnosis.

Capability Exposure, and Policy Attribution. Research on tool retrieval asks how an agent
selects a small relevant set from a large tool corpus, and tool-graph benchmarks study selection
and dependency reasoning among interconnected tools (Shi et al., 2025b; Guo et al., 2026). A
related literature evaluates agents that operate over untrusted data or receive harmful requests:
AgentDojo measures prompt-injection attacks and defenses (Debenedetti et al., 2024), Progent
enforces fine-grained privilege policies over tool calls, and ToolPrivBench studies unnecessary
escalation to higher-privilege tools (Shi et al., 2025a; Yang et al., 2026). Recent validity analysis
further warns that measured agent safety can be confounded with general task capability (Wang
et al., 2026). This distinction is central in our setting: a forbidden action may be absent because
the model rejected it, because the model failed to act, or because routing never exposed the
required tool on the relevant turn.

6 Conclusion

We presented CRM-Agent-Bench, an execution-grounded benchmark of 555 stateful, multi-
turn enterprise tasks across nine domains whose heterogeneous conjunctive contracts measure
satisfaction of task-declared outcome, trajectory, and policy requirements alongside operational
viability. Across sixteen systems, strict success ranges from 64.32% to 83.60%, yet systems with
similar accuracy diverge sharply in cost, per-domain reliability, and difficulty scaling. These
results support a multi-axis approach to agent selection in enterprise software as a service (SaaS),
weighing execution cost, per-domain reliability, and policy-constrained completion alongside
strict accuracy. For agent design, the findings support optimizing and reporting valid process
and policy-constrained completion jointly, with tool exposure and routing treated as measurable
design choices.
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Scope and ongoing extensions. CRM-Agent-Bench prioritizes controlled, reproducible
evaluation of headless, structured-tool workflows. Appendix C reports three evaluation rounds
for all sixteen leaderboard systems. We are actively extending this setting through further
controlled repetitions, human and domain-expert validation, and broader document-rich, visual,
voice, and live-service workflows. These extensions will further test robustness, measurement

sensitivity, and external validity while preserving executable, auditable grading.
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A Evaluation Protocol and Benchmark Construction Details

This appendix expands the benchmark definition in Section 2 and the construction account in
Section 3. Sections A.1-A.3 specify what constitutes evidence, how a verdict is computed, and
how the 16 reported runs were executed; Sections A.4—A.6 document how the audited 555-task
evaluation set was built, how the benchmark can be extended through versioned releases, and
how the set is composed; Sections A.7—A.8 then record the reference scaffold, exposure analysis,
and illustrative domain realizations. The simulator and semantic judge use the common model
gpt-5-mini; Section A.3 distinguishes nominal settings from the execution settings preserved in

the run manifests.

A.1 Formal Problem Definition and Evidence Boundary

POMDP formulation. For task i, the released specification 7; = (u;, sg, Ci, d;) parameterizes
a finite-horizon partially observable Markov decision process (POMDP)

M’i = (8i7~’4i7 Oi? P’Zv Qia Pis Riy H)

The initial distribution p; fixes the private user instruction u; and initializes the CRM state
as g = merge(azgffa‘ﬂt, s¥). An augmented latent state §; = (7, u;, ¢, 2¢) contains the mutable
CRM state z;, the accumulated dialogue-route—tool log ¢;, and the remaining simulator and
harness state z;. Including ¢; makes the terminal trajectory objective Markov even though the

contract depends on the path, not only on x7.

At a primitive event, the agent emits either a typed tool call or a user-visible message; one visible
dialogue turn can therefore contain several tool calls before the reply. The observation kernel €;
reveals the visible dialogue, returned tool results, and the currently exposed instructions and
tool schemas, but not the raw CRM state, u;, or the evaluator-only contract C;. The transition
kernel P; combines programmatic, seed-controlled tool execution with the fixed on-policy user
simulator. A tool may update x; or return a structured business rejection without the requested
state change. After a visible reply, the simulator emits the next user utterance or a stop decision
conditioned on u; and the visible dialogue; later observations therefore depend on earlier agent
replies rather than on a fixed transcript. The interaction ends at the stop decision or the executor
limits in Table 3.

An orchestration condition 1 induces, possibly stochastically, an admissible tool mask M, (h¢) C

Atool from visible history h:, so the actions available at event t are

The reported reference scaffold obtains this mask from a model-based per-turn router. Changing
the router or exposed catalog changes the access policy, not the task initialization or contract.

No intermediate reward is exposed to the agent. For a gradeable terminal trajectory 7;, the
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contract induces the ex-post score

Ri(37) = Yi(ri,xr) = [] e(mi,27), c(ri, vr) € {0,1},
ceD;

where D; contains exactly the checks declared by C;. Thus a standard reward embedding assigns
zero before termination and Y; at the augmented terminal state; this is a benchmark score, not
a training signal. A model-attributable execution failure, such as a hallucinated tool or verified
non-convergence at timeout, sets Y; = 0. By contrast, infrastructure failures receive L and are

excluded from the scored denominator under the reporting rule in Section A.3.

Operational evidence boundary. A trial begins by loading one task contract and resetting
the paired CRM environment to its declared initial state. The on-policy simulator sees only the
agent’s user-visible replies and generates the next user turn; it never sees private reasoning, tool
calls, tool results, routes, or database state. On every user turn, the reference scaffold selects one
capability node or a deterministic refusal, and the selected node acts through its scoped tools.
When the interaction stops or reaches a limit, the harness freezes four evidence channels—visible
dialogue, the ordered route log, the complete tool trace, and terminal state—and applies only
the checks declared by that task.

Figure 9 expands the compact setup in Figure 2(a). It repeats the same task-contract —
on-policy-user <+ graph-routed-agent <+ fresh-CRM-state — conjunctive-grader backbone, then
opens the blocks to expose the frozen domain specification, per-turn access policy, evidence

channels, and diagnostic readouts.

1- FROZEN SPECIFICATION 2 - CORE EXECUTION LOOP - EXPANDS FIGURE 2(a) Fresh state per trial - route fixed within a turn - no node handoff
Contract, domain, instruments User © full graph-routed agent ¢ CRM state
SYSTEM UNDER TEST  full graph-routed agent - access policy + node promptool scope + execution loop
TASK CONTRACT / INSTANCE 7 Rk
w user goal a domain | 9% TPV | on-poLicy user ‘l . | accesspoLicy frouter SCOPED CAPABILITY tool call CRM ENVIRONMENT - FRESH RESET,
s initil-state overlay ‘P Nextuser turn i Select one node ™5 Node-local ReAct Mutable business state
Prompt + node-scoped tools result Rule feedback and side effects

Call name - args - result - status

PAIRED DOMAIN
State + policies + graph

i — i Reset before e

' RESERVED ROUTE VISIBLE OUTPUT

Runtime emits an auditable trajectory
Deterministic refusal P User-visible reply S e 1 o

L No tor Then t urn te

FIXED MEASUREMENT INSTRUMENTS !

User simulator gpt-5-mini L_l_ |}

Semantic judge gpt-5-mini

Held constant across evaluated systems

1 erminal state, when declare
task-declared checks i . stateiwhendeclared

h
i
: 3 - CONJUNCTIVE GRADER - EVIDENCE & DIAGNOSTICS : Undeclared checks are absent—not imputed as passes
' v
' TASK-DECLARED CHECKS €
1| viIsIBLE DIALOGUE ROUTE + TOOL TRACE TERMINAL STATE x, STRICT CONJUNCTION TASK VERDICT
| L . L Actions Arguments Order
. | What the user saw What the system did What actually changed —P programmatic programmatic programmatic o Y =[] e(t, x,) —p PASS FAIL
1| semantic evidence only including rejected forbidden attempts arget + protected state =
H i O Sk IR Response. Target state Forbidden effects all dex pass +co ostics
' fied LM judge programmati trace + state
i
\
| e e o ) : PROPOSED DIAGNOSTIC CATEGORIES OPERATIONAL READOUT - NOT IN i
W Forbidden declarations -~ » G',"”";"f‘:’f"'i"e"' Scored coverage - timeouts - latency

+ paired graph tokens - tool calls - cost - run manifest

Figure 9: Detailed expansion of the audited evaluation setup in Figure 2(a). The task contract,
on-policy user, graph-routed agent, freshly reset CRM environment, and conjunctive grader
form the shared backbone. This appendix view opens those blocks to show the frozen domain
specification, one-node-per-turn access policy, evidence channels, task-declared checks, the
capability-exposure audit, and operational readouts.
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A.2 Executable Contracts and Grading Semantics

Contract check families. Each task declares only the checks semantically applicable to
its goal. The six top-level families are expected actions, expected arguments, action ordering,
semantic response criteria, expected final state, and forbidden evidence (actions, arguments, or
state). Expected actions use count-aware matching over successfully executed calls; argument
constraints use either any matching successful call or only the first successful call. Ordering uses
subsequence matching or an exact filtered sequence over the tools named by the constraint, so
unrelated calls may interleave unless separately forbidden. State checks address sparse paths and
support exact values, non-null requirements, and minimum collection lengths. Forbidden checks
reject any attempted prohibited action or argument pattern and assert protected non-effects in
terminal state. Task success is the strict conjunction of every declared check, while undeclared
checks are absent rather than automatically passed. This combines the trajectory sensitivity of
milestones and minefields with the endpoint rigor of programmatic state tests (Lu et al., 2025;

Trivedi et al., 2024).

REAL TASK CONTRACT - PAYMENTS | TRANSFER

payments_transfer_frozen_source_01
Attempt $300 from ACC-1003 to ACC-1001; the source account is frozen.

[
v

v

v

1. Required actions
get_account_balance

validate_transfer

2 . Required arguments
balance(account=ACC-1003)

validate(from=1003, to=1001,
amount=300)

3 - Required order

get_account_balance
then validate_transfer
(subsequence)

4 - Semantic response

Explain that the transfer cannot
proceed because source account
ACC-1003 is frozen.

5 - Required final state

Balances remain unchanged:
ACC-1003 = $9,800.50

-
6 - Forbidden trace event

Must not attempt

execute_transfer

ACC-1001 = $2,450.75
J J - J

A 4

@ Strict success = all declared checks pass

Each component remains visible for diagnosis;
undeclared checks are absent.

Figure 10: Anatomy of a task contract, shown for the real transfer task

payments_transfer_frozen_source_01. Its required actions, arguments, ordered subsequence,
semantic explanation, unchanged balances, and forbidden transfer attempt must all pass; com-
ponent results remain visible to localize a failure.

Tool and state evidence. Tools implement the environment transition function. Every
registered-tool attempt that reaches the execution layer records its name, arguments, returned
value, execution status, and turn index. A well-formed call that reaches a tool can return a
structured business rejection (for example, an authorization or conflict response); this is evidence
that the action was attempted, not that the requested state change occurred. Where available,
malformed-call and executor-error signals are retained as trajectory diagnostics and never count
as successful state changes. The separate trace and final-state graders therefore distinguish

attempted behavior from persistent business effects.
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Semantic response evaluation. For a task with semantic criteria, the judge receives only
the user instruction, the ordered criteria, and the user-visible assistant messages. Tool traces,
tool results, routes, hidden reasoning, and final state are withheld, and the transcript is marked
as untrusted data so that a reply cannot redefine the rubric. For each criterion the judge returns
a binary decision, an exact evidence span in the visible transcript, and an explanation; a separate
transcript-level flag records contradiction. A local validator enforces the JSON schema and
verifies that cited evidence actually occurs; every criterion must pass and the global contradiction
flag must remain false. Programmatic checks remain authoritative wherever structured evidence

exists, so the semantic judge cannot override an action, ordering, or state failure.

Release-level contract inventory. Table 2 reports both task incidence and the number of
declared contract objects. Rows overlap because one task can combine trace, communication,
and state requirements. For state contracts, one declaration is a flattened leaf path in the sparse
expected or forbidden state specification; for argument contracts, it is one task—tool specification.
Full-suite strict accuracy measures satisfaction of task-specific contracts. State assertions occur
in 200 of the 555 tasks, including protected-state assertions in 45, and cover the paths declared

in those contracts.

Contract component ~ Tasks Declarations Declaration unit

Expected actions 529 887  action entry

Expected arguments 493 648  task—tool specification
Explicit ordering 164 419  ordered slot

Semantic response 402 465  criterion

Expected state 180 248  flattened leaf assertion
Forbidden actions 107 206  action entry
Forbidden arguments 31 49  task-tool specification
Forbidden state 45 49  flattened leaf assertion

Table 2: Executable-contract inventory over the audited 555-task evaluation set. Task counts
are incidence counts rather than a partition: 200 tasks contain an expected or forbidden state
check, and 165 contain at least one negative assertion of any type.

A.3 Frozen Evaluation Protocol and Reporting

Table 3 summarizes the nominal settings of the formal first-round protocol, which supplies the

unified evaluation standard.

Run manifest and validation. Run manifests and per-task trace artifacts retain recorded
benchmark and dataset versions, task and configuration paths, model and provider identifiers,
sampling settings, executor limits, and simulator and judge configuration fields. The first-
round archive preserves each extracted field’s presence or absence. Invalid judge output and
judge-service failures are classified as infrastructure failures and excluded from the scored

denominator.
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Component Frozen configuration

User simulator gpt-5-mini; temperature 0; low reasoning effort; react strategy; 1,086-
token generation budget; 90-second step timeout; at most 4,000 output
characters; up to three structured-output attempts including repair attempts;
###STOP### stop signal.

Semantic judge gpt-5-mini; temperature 0; low reasoning effort; 16,384-token generation
budget; at most three attempts; prompt semantic-communication-v6;
cache keyed by the complete judge input and configuration.

Executor One trial per task; fixed base seed; agent temperature 0 where supported; low
reasoning effort; 16,384-token agent budget; 240-second agent-step timeout;
30-turn limit; 1,200-second task timeout.

Table 3: Nominal settings of the formal first-round evaluation protocol for the 16 original
leaderboard runs. The first-round protocol supplies the unified standard for the repeated-run
comparison.

Reporting conventions. Model-attributable failures such as hallucinated tools and human-
verified non-convergence at timeout remain in the scored denominator G as failures, whereas
infrastructure failures are excluded. All sixteen runs are evaluated on the same frozen 555-task
canonical set under the formal first-round standard, and each produced a valid grade on all 555
tasks; hence |G| = 555 for every reported run, with no infrastructure exclusions. Success counts
are paired with failure-category counts over that fixed denominator. Latency and cache-neutral
estimated cost cover the tested agent model only and exclude simulator and judge usage. The
cost comparison charges all prompt tokens at the ordinary input rate and all completion tokens
at the output rate, irrespective of cache status. The original leaderboard uses one trial per task
with a fixed framework base seed and therefore constitutes a single-run benchmark snapshot.
Appendix C reports three directly comparable rounds for all sixteen systems, including the
formal first-round scores. It gives equal-round means, sample standard deviations, ranking

stability, and the all-success pass® reliability metric used by 7-bench (Yao et al., 2025).

A.4 Task Construction, Provenance, and Validation

Construction strata. CRM-Agent-Bench draws on two construction lineages: task instances
descended from the original five CRM applications, and task instances adapted from 22 substan-
tive tool-using workflow recipes in a public, versioned collection (Salesforce Developers, 2026).
Historical names predate the final domain taxonomy: Store Manager maps to Retail, Customer
Service maps to Customer Support, and Sales Development Representative (SDR) maps to
Sales. Recipe-derived commerce and support workflows were merged with the corresponding
seed domains, while external-integration workflows were distributed according to the business

state they affect.

Portable encoding. For cither lineage, a candidate scenario was admitted only when its actor,
goal, stopping condition, required information, policy constraints, intended effects, and prohibited
effects could be represented in the portable harness. Source records became resettable domain
state or task-specific overlays. Source actions became typed tools over that state, including

structured business rejections for valid but disallowed requests. Topics or recipe subagents

24



CRM-Agent-Bench: Where Agents Meet Business Rules

Customer Field IT service
Retail support service mgmt. Payments Travel Onboarding Sales Marketing Total

Tasks 95 125 23 66 73 93 41 18 21 555
Lineage Hybrid Hybrid Seed  Recipe Recipe Recipe Recipe  Seed Seed -

Table 4: Construction provenance by domain in the audited evaluation set. In the table, Seed
denotes tasks descended from the original five CRM applications; Recipe denotes tasks adapted
from substantive tool-using workflow recipes; Hybrid domains draw on both. These labels
describe construction lineage, not separate evaluation splits or required agent architectures.

became specialist nodes in the optional reference graph. The user journey became an instruction
for the on-policy simulator, while correctness became a sparse contract over observable trace,

communication, and final-state evidence.

A.5 Extension Interface and Release Workflow

CRM-Agent-Bench separates benchmark content from the agent and execution engine, exposing
three extension surfaces with different implementation costs. First, a new business scenario inside
an existing domain is a declarative YAML record in src/tasks/<domain>.yaml. At authoring
time this requires no new environment, runner, or grader logic; admission to a canonical
release still passes the gates below. The record supplies a unique identifier, an on-policy user
instruction with a stopping condition, domain and capability metadata, a difficulty label, and an
optional initial-state overlay. Its executable contract declares only the applicable expected and
forbidden checks over actions, arguments, ordering, semantic response, and state. Unasserted
dimensions are not graded. Second, a new agent or orchestration design can reuse the same task
catalog and tool world by supplying a graph configuration with a system prompt, entry node,
specialist-node instructions, and scoped tools. The evaluator does not grade graph shape, node
names, route labels, or prompt wording, so this change does not alter the task contract. Third,
a workflow requiring new actions or persistent records adds a registered ToolEnvironment:
its default_state() defines the resettable world and register_tools() implements typed
operations over that state. Tool schemas are derived from Python type signatures, and target- and
protected-state assertions are evaluated against the resulting environment state. A wholly new
domain additionally contributes a policy, task catalog, reference graph, environment registration,

and versioned manifest entry; it does not require a new runner or grader.

Admission to a canonical release. Admission to a comparable release follows four steps:

1. Specify the job. Define the actor, business goal, stopping condition, required information,
intended effects, prohibited effects, and the smallest contract that makes those requirements

executable.

2. Bind the evidence. Check that every asserted action names a registered tool, argument
assertions match its typed schema, state paths originate in the resettable domain state,
and, when evaluating the reference agent, its configuration exposes the intended tools. The

reference graph is an example scaffold, not a gold route that a tested agent must follow.
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3. Validate from a fresh world. Run structural validation for unique IDs, YAML schema,
tool references, state roots, contract consistency, and agent configuration. Then execute
the architecture-independent gold path from a fresh environment and run the relevant
unit tests plus an end-to-end domain spot check. The gold path establishes executability
of the positive path and its target state; semantic and negative checks still require their
focused tests. Refusal tasks may have an empty action path, but their negative contract is

validated structurally.

4. Freeze a new version. Update the manifest version and release invariants, regenerate
the content-addressed lock, rerun all gold paths and the full test suite, and only then

evaluate systems on the enlarged set.

The repository exposes these release gates directly:

uv run python -m harness.benchmark_spec -gold -write-lock
uv run python -m harness.benchmark_spec -gold

uv run pytest

A.6 Evaluation-Set Composition and Coverage

The audited evaluation set contains 555 tasks and 767 task—tag assignments: 422 tasks have one
capability tag and 133 have multiple tags (73 with two, 41 with three, and 19 with four). The
36 globally unique tag strings instantiate 38 domain—capability pairs. Figure 11 assigns each
task to its first tag to obtain a mutually exclusive composition view; all tags remain available

for coverage analysis.

A.7 Reference Scaffold and Routing

Graph-routed reference agent. The reference scaffold pairs each domain with a directed
capability graph. At the start of every agent turn, a classifier based on the tested model maps
the current user utterance and dialogue context to either one capability node or a reserved
unsafe/out_of_scope label that returns a deterministic refusal. A selected node receives a
domain prompt, its node-specific instructions, and only its assigned tools, then runs a local
ReAct-style reason-act-observe loop (Yao et al., 2023) for at most ten internal iterations before
the visible reply. The route is fixed within a turn (no node-to-node handoffs), and the classifier is
invoked again only after the next user message. A trial may therefore traverse several capabilities
across turns while never exposing the domain’s full tool inventory at once. Figure 12 makes this

per-turn routing and scoped tool exposure concrete for the payments domain.

Domain graph inventory. Table 5 records the exact audited scaffold inventory. Each domain
has one tool-free general fallback, so the Specialists row is one below the Nodes row in every
domain. Placements counts graph-local tool assignments, whereas Tools counts unique canonical

contracts.

Capability exposure audit. We audit forbidden_actions in all 555 task contracts by exact

identifier matching against the union of tools assigned to the paired domain graph’s nodes. Each
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evaluation tasks

Easy 199 [ Medium 208 B Hard 148

Rings: domain — first capability — E/M/H within first capability
Rows: T total - E/M/H difficulty - N negative contract (N overlaps E/M/H)

A Customer support (125) D Payments (73)
01 triage T21 E8 M8 H5 N3 17 checkout T22 E8 M8 H6 N14
02 churn T22 E8 M8 H6 N7 18 transfer T22 E8 M8 H6 N12
03 specialist_routing T21 E8 M7 H6 N6 19 lending T22 E8 M8 H6 N1
04 escalation T22  E8 M8 H6 N19 20 gateway_payment T7 E1 M4 H2 NO
05 delegation T10 E6 M4 HO N4 .
06 case_submission T22 E8 M8 H6 N6 EIT service management (66)
07 billing T7 E1 M2 H4 N3 21 ticket_operations T23 E8 M8 H7 N3

) 22 record_safety T24 E8 M9 H7 N20
B Retail (95) 23 case_hours T19  E8 M7 H4 N2
08 returns T24 E8 M9 H7 N1o .
09 product_ga T21 E8 M7 H6 N1 F Onboardlng (41)
10 cart T22 E8 M8 H6 N2 24 account_setup T21 E8 M7 H6 N6
11 inventory T19 E3 M12 H4 N2 25 task_management T20 E8 M7 H5 N2
12 shipment T9 E3 M2 H4 N2 G Field service (23)
C Travel (93) 26 appointments T23  E5 M12 H6 N4
13 weather T28 E12 M10 H6 N1 H Marketing (21)
14 guest_schedule T23 E8 M9 H6 N7 27 . yti 1 £10 M5 H6 No
15 hotel_booking T21  E8 M8 H5 N9 campaign_analytics
16 trip_orchestration T21 E8 M7 H6 N16 | Sales (18)

28 lead_management T18 E6 M8 H4 N3

Figure 11: Composition of the audited 555-task evaluation set: domain (inner) — mutually
exclusive first capability (middle) — easy/medium/hard within capability (outer). Each keyed
row reports its total and E/M/H counts; N is the overlapping count of tasks with a forbidden
action, argument, or protected-state check, not a fourth partition.
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general (entry)
No tools; clarification only

checkout

turn 2 get_account__balance, process_payment,
send__receipt, award_loyalty_points,
log__transaction

Classifier
User turn exactly

—
turn 1/ turn 2 one route transfer
get_account_balance, validate_ transfer,

per user turn 1
turn I} execute_transfer

lending
get_credit_score, get_income, decide_loan

unsafe / out_of_scope

I
Deterministic refusal; no tools

Only the selected node’s tools are visible.

Illustrative path: turn 1 — transfer; turn 2 — checkout.
Re-route on each user turn; no node-initiated handoffs or delegation.

Figure 12: Graph-routed reference scaffold for the payments domain. A per-turn classifier
selects exactly one capability node (exposing only that node’s scoped tools) or returns a
deterministic unsafe/out_of_scope refusal, with no node-initiated handoffs. The highlighted
path (turn 1 — transfer, turn 2 — checkout) shows how a trial traverses several capabilities
across turns without exposing the full tool inventory at once.

Customer Field IT service
Retail support service mgmt. Payments Travel Onboarding Sales Marketing Total

Task-tag pairs 7 8 3 3 5 5 2 3 2 38
Nodes 9 12 5 4 6 10 3 8 4 61
Specialists 8 11 4 3 5 9 2 7 3 52
Tools 20 25 12 12 11 13 8 11 10 122
Placements 25 37 14 18 13 16 8 15 10 156
Forbidden-action tasks 8 34 0 13 24 24 4 0 0 107
Forbidden-action entries 8 66 0 15 38 68 11 0 0 206

Table 5: Capability and graph inventory by domain for the reference scaffold used in the
reported runs. The 38 domain—capability pairs correspond to 36 globally unique capability-tag
strings because one tag is shared across three domains. The final two rows count tasks with
forbidden-action declarations and the declarations themselves; every declaration matches a tool
in its paired domain graph.
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list entry is one declaration: a tool forbidden in two tasks counts twice, regardless of how many
nodes contain it. Forbidden arguments and protected-state assertions are separate contract

components (Table 2).

All 206 declarations across 107 tasks match paired graph tools, with zero unmatched entries
(Table 5). The audit script, evidence/audit_capability_exposure.py, produces task-level
results in evidence/capability_exposure_audit. json, recording the pinned source revision,

input-file hashes, and matching nodes.

Graph-wide availability means that a forbidden tool belongs to at least one domain node.
Turn-level exposure depends on the router’s selected node (Figure 12). For example, Payments
balance-only tasks require get_account_balance while forbidding process_payment. Both
tools belong to the checkout node; process_payment is exposed on a turn only if that node is

selected.

A.8 Domain Realization Profiles

Representative construction profiles. The generic construction pipeline in Section A.4
becomes concrete in the per-domain gallery of Appendix F. Three profiles span the construction
lineages: Customer Support (Figure 20) shows a hybrid urgent-billing journey; Payments
(Figure 23) shows a recipe-derived checkout chain with ordered state changes; and Field Service
(Figure 21) shows a seed-workflow appointment reschedule with ownership and scheduling gates.
The full gallery (Figures 19-27) covers all nine domains and illustrates nodes, scoped tools,
policy gates, state transitions, and contract observables. Appendix ' describes the diagram

scope and cross-turn tool lists; Table 5 reports the audited scaffold inventory.

Qualitative-trace provenance. The illustrative four-verdict trajectory in the main text

(Figure 1) and the case traces in Appendices D and D.4 are single-run qualitative examples.

B Aggregate Diagnostics for the 16 Completed Runs

The headline strict-success rate is reported over the full 555-task canonical set in Figure 4. Every
one of the 16 completed runs yielded a strict binary verdict on all 555 canonical tasks with zero
infrastructure exclusions, so scored coverage is 100% for each run and all-task yield coincides
with strict success; neither is reported separately here. Two tasks in the entire matrix errored
on a hallucinated tool call and provide no failed component verdict for primary attribution, but
they are counted as model-attributable strict failures over the same 555 denominator, not as
infrastructure exclusions. These strict verdicts are distinct from the component-level diagnostic
rates below. This section decomposes the same 16 runs by failure type, grader behavior, domain,

difficulty, and metric.

B.1 Full-Suite Leaderboard

Table 6 gives the full ranking summarized in Figure 4: strict accuracy, passed /555, the domain

macro, and cache-neutral estimated tested-agent cost for all sixteen runs. The usage inputs are
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sums over each run’s nine canonical domain-level traces. json files, after excluding smoke data

and merging the split retail shards where present.

Rank Model Strict accuracy Passed / 555 Domain macro Normalized cost
1 4 Gemini 3.8 Flash 83.60% 464 87.43% $16.12
2 Y Claude Opus 5 82.70% 459 86.68% $191.00
3 %€ Claude Sonnet 4.6 81.98% 455 87.15% $71.40
4 ® GPT-5.6 Terra 81.62% 453 86.41% $51.59

5= 3¢ Claude Sonnet 5 81.26% 451 86.58% $72.41
5= @& GPT-5.5 81.26% 451 86.39% $92.62
5= & GPT-5.6 Sol 81.26% 451 86.20% $106.95
8 ® GPT-5.6 Luna 80.72% 448 85.46% $4.77
9 B Inkling Small NVFP4 79.64% 442 83.58% n/a
10= 4 Gemini 3.1 Pro Preview 79.10% 439 83.94% $61.50
10= & GPT-5.4 Nano 79.10% 439 84.23% $5.86
12 o Muse Glimmer 30B 78.74% 437 83.04% n/a
13 ¢ Claude Haiku 4.5 76.04% 422 79.76% $40.62
14 < Nemotron Super 3 120B 65.59% 364 69.55% $8.60
15= < Nemotron 3.5 Lightning 30B 64.32% 357 67.06% n/a
15= & GPT-4.1 Nano 64.32% 357 69.88% $2.14

Table 6: Full-suite strict accuracy on the audited 555-task canonical set, ranked by strict
accuracy with ties on passed/555 marked “=". Domain macro is the unweighted mean of the nine
per-domain strict-success rates and is shown for reference but does not determine the rank order.
Normalized cost is a cache-neutral estimate for the tested agent and excludes simulator and
judge usage. We charge every observed prompt token at the provider’s ordinary input rate and
every completion token at its output rate, regardless of whether the run used a prompt cache.
This applies the same accounting rule to every model but does not estimate the realized bill for a
cache-enabled run. Usage is summed from the nine canonical domain-level traces. json files for
each run (list prices accessed 2026-09-25). Gemini 3.1 Pro Preview uses the <200k-token-prompt
tier; Gemini 3.8 Flash uses its introductory global price through 2026-12-31; GPT-5.6 Sol uses
promotional pricing disclosed as valid at least through 2026-11-21. The three Bedrock Claude
runs use the US geo rate identified by their us.anthropic model IDs. Remaining “n/a” entries
are self-hosted open-weight runs without a metered per-token price, not zero-cost runs.
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B.2 Failure Composition

. Action % Ordering = State @7 Tool-call error
I Arguments # Semantic response ® Negative checks

Gemini 3.8 Flash Claude Opus 5 Claude Sonnet 4.6 GPT-5.6 Terra
Y% Y '4
91 non-successes 96 non-successes 100 non-successes 102 non-successes
Claude Sonnet 5 GPT-5.5 GPT-5.6 Sol GPT-5.6 Luna
4) | K
104 non-successes 104 non-successes 104 non-successes 107 non-successes
Inkling Small Gemini 3.1 Pro
NVFP4 Preview GPT-5.4 Nano Muse Glimmer 30B

113 non-successes 116 non-successes 116 non-successes 118 non-successes
Nemotron Super 3 Nemotron 3.5
Claude Haiku 4.5 120B Lightning 30B GPT-4.1 Nano

| —

a N N .
< i

133 non-successes 191 non-successes 198 non-successes 198 non-successes

Figure 13: Composition of all scored tasks that did not become strict successes for each of the 16
runs (of 555 scored). Each pie corresponds to one model, and its subtitle gives the total number
of non-successes. To make the slices mutually exclusive, each non-success receives one primary
label using the harness status precedence: action, forbidden, state, arguments, semantic response,
ordering, then collateral state. “Negative checks” combines the forbidden-action/argument and
collateral-state labels. The hatched “Tool-call error” segment contains two tasks that errored
(e.g., on a hallucinated tool call) without a failed component verdict available for primary
attribution. Both remain model-attributable strict failures, and there are zero timeouts or
infrastructure exclusions. In-slice labels are task counts, not percentages, and are shown only
when space permits. Models are ordered by total non-success count.
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Action mismatch is the largest non-success category for every completed run, ranging from
54 tasks (Gemini 3.8 Flash) to 157 tasks (Nemotron Super 3 120B) across all 16 runs under
the exclusive attribution rule. The remaining categories are much smaller and vary by run:
semantic-response-primary failures span 14-34, argument-primary 5-14, and the combined
negative checks 4-15. Because every run scored all 555 canonical tasks, the failure pies contain
no timeout or infrastructure segment; the only non-grader outcomes are two errored tasks (one
each for Claude Opus 5 and Nemotron 3.5 Lightning 30B, both hallucinated tool calls). Among
the 16 runs, total non-success counts run from 91 (Gemini 3.8 Flash) to 198 (Nemotron 3.5
Lightning 30B and GPT-4.1 Nano). Figure 14 separately retains the overlapping per-grader
view that a primary-cause stack necessarily suppresses.

B.3 Grader Diagnostic Matrix

Semantic
Action Arguments Ordering response State Forbidden Collateral

Gemini 3.8 Flash " 7 . ,
Claude Opus 5
Claude Sonnet 4.6
GPT-5.6 Terra
Claude Sonnet 5
GPT-5.6 Sol
GPT-5.6 Luna
Inkling Small NVFP4 -

Gemini 3.1 Pro Preview - . .
GPT-5.4 Nano - g

Muse Glimmer 30B -- 76.2% -
Nemotron Super 3 120B 70.3% 70.2% 65.9% 78.3% 77.8% T

Nemotron 3.5 Lightning 30B 75.6% 74.0% 65.9% 77.3% 73.9%

GPT-4.1 Nano 75.8% 77.5% 62.2% 80.1% -

Figure 14: Component-grader pass rates across the 16 runs, each computed over that component’s
recorded verdicts. Denominators are 529 (action), 493 (arguments), 164 (ordering), 180 (state),
136 (forbidden), and 45 (collateral). Semantic response has 402 recorded verdicts per run, except
Opus (401), Nemotron Super (396), and Nemotron 3.5 (392). Undeclared checks and missing
component, verdicts are omitted from these rates. Columns therefore describe different task
subsets. “Forbidden” aggregates forbidden-action and forbidden-argument checks; “Collateral”
evaluates protected state.

Pass rate (%)

r75

The matrix uses each component’s recorded verdicts, omitting undeclared checks and unavailable
verdicts. For Gemini 3.8 Flash, the matrix reports a semantic-response pass rate of 371/402 =

92.3%. The response-only stage in Figure 6 additionally retains 153 tasks without a response
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criterion, giving (371 4 153)/555 = 94.4%. The cascade treats undeclared or unavailable verdicts

as neutral at partial stages and applies the error gate at the strict endpoint.

Across systems, recorded semantic-response pass rates exceed 77%, action rates range from
70.3-89.8%, argument rates from 70.2-90.7%, and state rates from 73.9-96.7%. These marginal
rates summarize different subsets; the cumulative, same-task comparison in Figure 6 measures the
effect of adding execution checks. The forbidden-action/argument (136 tasks) and protected-state

(45 tasks) columns summarize the corresponding declared negative checks.

B.4 Success by Domain

Figure 5 in Section 4.1 reports per-domain strict-success rates, using the same domain denomi-
nators across all sixteen systems. Customer support is the single lowest-scoring domain for all
16 runs (across-model mean 56.35%, against 90.24% for onboarding, the highest across-domain
mean), and no run is uniformly strong—the within-model gap between a run’s best and worst
domain ranges from 23.3 points (Muse Glimmer 30B) to 53.7 points (GPT-4.1 Nano). The

domain-leadership reshuffle these rates produce is discussed in Section 4.

B.5 Success by Difficulty Stratum

Model Easy (199) Medium (208) Hard (148)
¢ Gemini 3.8 Flash 88.44% (176/199) 81.73% (170/208) 79.73% (118/148)
% Claude Opus 5 87.94% (175/199)  80.77% (168/208) 78.38% (116/148)
% Claude Sonnet 4.6 86.93% (173/199)  80.77% (168/208) 77.03% (114/148)
® GPT-5.6 Terra 84.42% (168/199) 81.25% (169/208) 78.38% (116/148)
% Claude Sonnet 5 84.42% (168/199)  79.81% (166/208) 79.05% (117/148)
® GPT-5.5 86.93% (173/199) 78.85% (164/208) 77.03% (114/148)
® GPT-5.6 Sol 86.93% (173/199) 80.77% (168/208) 74.32% (110/148)
® GPT-5.6 Luna 86.43% (172/199)  80.20% (167/208) 73.65% (109/148)
B Inkling Small NVFP4 84.42% (168/199) 79.33% (165/208) 73.65% (109/148)
¢ Gemini 3.1 Pro Preview 86.43% (172/199)  75.96% (158/208) 73.65% (109/148)
® GPT-5.4 Nano 83.92% (167/199) 77.40% (161/208) 75.00% (111/148)
o Muse Glimmer 30B 81.91% (163/199) 77.88% (162/208) 75.68% (112/148)
% Claude Haiku 4.5 80.90% (161/199) 78.37% (163/208)  66.22% (98,/148)
& Nemotron Super 3 120B 71.86% (143/199)  62.98% (131/208)  60.81% (90/148)
& Nemotron 3.5 Lightning 30B  73.87% (147/199)  65.38% (136/208)  50.00% (74/148)
® GPT-4.1 Nano 77.39% (154/199)  62.02% (129/208)  50.00% (74/148)

Table 7: Strict success within each difficulty stratum. Cells give the stratum rate with suc-
cesses/scored. Scored denominators are identical across all 16 runs because every run scored
all 555 canonical tasks; the column headers are the per-stratum sizes from Figure 11 (199 easy,
208 medium, 148 hard). Rows are ordered by overall strict accuracy. Difficulty labels are
author-assigned descriptive strata and are not visible to the agent, simulator, or grader.

All 16 systems decline monotonically (non-increasing) from easy to hard tasks (Table 7). Easy-task
success spans 71.86-88.44%, medium 62.02-81.73%, and hard 50.00-79.73%; the within-model
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easy-to-hard drop ranges from 5.37 points (Claude Sonnet 5) to 27.39 points (GPT-4.1 Nano)
and is the clearest headroom signal in the completed runs. System ordering is not preserved
across strata: Gemini 3.8 Flash leads all three, but below it the ranking reshuffles—Claude
Sonnet 5 is joint-fifth overall yet attains the second-highest hard-task rate (79.05%), ahead of
the second- and third-ranked Claude Opus 5 and Sonnet 4.6, while GPT-5.6 Sol, also tied at
81.26% overall, slips to ninth on hard tasks (74.32%).

B.6 Per-Metric Standing

Figures 15 and 16 provide complementary views of metric sensitivity: the former preserves each

metric’s absolute scale, whereas the latter shows how system order changes across metrics.

Nemotron 3.5 Lightning 30B Gemini 3.8 Flash
1

. 16 . ) . 6)
Strict accuracy (%) 15 1 3 1z‘~n-' s @l a o
65.0 67.5 70.0 73.5 75.0 77.5 80.0 82.5 85.0
Nemotron 3.5 Lightning 30B ()r;gi.\m 3.8 Flash
. 16 i GCp
Domain macro (%) 15 14 13 12 9411 8) (7 )
= o)
70 75 80 85
Nemotron Super 3 120B Gemini 3.8 Flash
‘e 5 5] (T0) o)
Easy-task success (%) s 15 16 13 12 ii I‘g Lapd [0
735 75.0 77.5 80.0 82.5 85.0 87.5
Nemotron 3.5 Lightning 30B Gemini 3.8 Flash
16 07 12 6| 4]
Hard-task success (%) 15 1 13 @ 1 N .ﬂE@
50 55 60 65 70 75 80
GPT-4.1 Nano Claude Opus 5
- 5]
Cost per success (USD, log) 16 8 i1 1 o B @) D E o) €7
1072 1071
® 1 Gemini 3.8 Flash 4 GPT-5.6 Terra 7 GPT-5.6 Sol @® 10 Gemini 3.1 Pro Preview 13 Claude Haiku 4.5 15 Nemotron 3.5 Lightning 30B
W 2 Claude Opus 5 M 5 Claude Sonnet 5 8 GPT-5.6 Luna 11 GPT-5.4 Nano A 14 Nemotron Super 3 120B 16 GPT-4.1 Nano
M 3 Claude Sonnet 4.6 6 GPT-5.5 A 9 Inkling Small NVFP4 12 Muse Glimmer 30B

Figure 15: Per-metric standing of the 16 completed runs. Each row is an independent number
line placing every run at its real value on that metric’s own scale. Marker IDs follow the Figure 4
rank order and map to the key below; small vertical offsets only separate colliding markers and
do not encode value. Runs that share a headline strict-success number (three tie at 81.26%, with
two further ties at 79.10% and 64.32%) nonetheless separate on one or more additional axes:
domain macro, easy- and hard-task success, and a 69.4x range in cache-neutral cost per success
(log axis; shown for the 13 priced runs, from $0.00599 for GPT-4.1 Nano to $0.416 for Claude
Opus 5). This per-metric view is the complement to the rank crossings in Figure 16.

B.7 Metric-Dependent Ranking

Figure 16 converts the same performance axes into per-metric ranks to make those ordering
changes explicit. The ranking view complements overall scored success with metric-specific

system comparisons.
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14 Gemini 3.8 Flash- O O O O
2 Claude Opus 5 A) Claude Opus 5
3 A Claude Sonnet 4.6 B \0 Gemini 3.8 Flash
4 4 Claude Sonnet 4.6
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Figure 16: Rank of each completed run (1 = best of 16) across six higher-is-better metrics:
scored success, domain macro, easy-, medium-, and hard-task success, and customer-support
success. Shared competition ranks are used: equal values receive the same rank, and subsequent
ranks advance by the number of tied systems. Endpoint labels are offset only for legibility; data
points remain at their shared ranks. No system dominates every axis. Gemini 3.8 Flash leads
five of the six metrics but falls to third on customer support, where Muse Glimmer 30B—twelfth
on scored success— ranks first and Claude Opus 5 (second overall) places second; Claude Sonnet
5 climbs from joint-fifth to second on hard tasks. Ranks are computed from the same one-trial
values used in Figure 4 and Table 7. 4Cost per success is omitted here because three open-weight
runs are unpriced; it is shown on its own log axis in Figure 15.

B.8 Policy-Constrained Tasks: Compliance versus Completion

This section gives the per-model numbers behind Figure 8. The canonical set contains 390 tasks
without an explicit negative assertion and 165 policy-constrained tasks declaring at least one
forbidden-action, forbidden-argument, or protected-state check. Because these declarations are
fixed by the contracts, the partition is identical across all sixteen runs. For compactness, the
table retains positive and safety as column labels for the two subsets. Both columns report strict
success on the full conjunctive contract. Safety-check compliance is narrower: it reports the
share of policy-constrained tasks on which all applicable negative checks held, regardless of the

remaining contract components.

Section 4.4 reports the aggregate compliance and completion results. Nemotron Super 3 120B

attains the highest observed negative-check compliance (95.2%) while ranking 14th overall.
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Positive Safety Safety-check
Model success (390) success (165) A compliance (165)
$ Gemini 3.8 Flash 88.2% (344/390) 72.7% (120/165) +15.5 92.1% (152/165)
% Claude Opus 5 86.7% (338/390) 73.3% (121/165) +13.3 93.3% (154/165)
¥ Claude Sonnet 4.6 84.6% (330/390) 75.8% (125/165) +8.9 92.7% (153/165)
® GPT-5.6 Terra 86.7% (338/390) 69.7% (115/165) +17.0 93.3% (154/165)
¥ Claude Sonnet 5 86.4% (337/390) 69.1% (114/165) +17.3 92.1% (152/165)
® GPT-5.5 86.9% (339/390) 67.9% (112/165) +19.0 92.1% (152/165)
® GPT-5.6 Sol 87.2% (340/390) 67.3% (111/165) +19.9 89.7% (148/165)
® GPT-5.6 Luna 85.4% (333/390) 69.7% (115/165) +15.7 91.5% (151/165)
B Inkling Small NVFP4 82.8% (323/390) 72.1% (119/165) +10.7 92.7% (153/165)
# Gemini 3.1 Pro Preview 83.3% (325/390) 69.1% (114/165) +14.2 89.7% (148/165)
® GPT-5.4 Nano 84.9% (331/390) 65.5% (108/165) +19.4 88.5% (146/165)
o« Muse Glimmer 30B 82.6% (322/390) 69.7% (115/165) +12.9 93.9% (155/165)
¢ Claude Haiku 4.5 81.3% (317/390) 63.6% (105/165) +17.6 92.7% (153/165)
<2 Nemotron Super 3 120B 68.2% (266/390) 59.4% (98/165) +8.8 95.2% (157/165)
<4 Nemotron 3.5 Lightning 30B 68.7% (268/390) 53.9% (89/165) +14.8 84.8% (140/165)
® GPT-4.1 Nano 70.3% (274/390) 50.3% (83/165) +20.0 84.8% (140/165)

Mean 82.1% 66.8% +15.3 91.2%

Table 8: Strict success partitioned by contract structure on the 555-task canonical set. “Positive”

denotes the 390 tasks without explicit negative assertions; “Safety” denotes the 165 policy-
constrained tasks with at least one such assertion. Safety-check compliance is the share of the
latter on which all applicable negative checks held. Every model has lower strict success on
the policy-constrained subset (A = +8.8 to +20.0 points), while negative-check compliance is
84.8-95.2%. Rows follow Table 6.

Compliance and workflow completion are distinct measured axes under the fixed scaffold. These

rates do not isolate intrinsic model safety or establish a causal safety-and-utility trade-off.

C Three-Run Reliability and Ranking Stability

C.1 Repeated Evaluation and Aggregation

The first-round leaderboard in Table 6 places Gemini 3.8 Flash ahead of Claude Opus 5 by only five
of 555 tasks (0.90 percentage points). To assess whether this ordering persists across executions,
we report three evaluation rounds: the formal first-round results and two additional runs. All
three rounds are compared on the same 555 task contracts using the common strict-success
definition. Strict success requires every applicable action, argument, state, semantic-response,
ordering, and negative check to pass. Model-attributable errors count as failures; unscored slots
follow the benchmark’s exclusion convention. Each round starts fresh task environments. The

first round is the official result used in the main leaderboard.

For model m, let a,,, denote its strict-success rate over scored tasks in round r. We give the

three rounds equal weight and report their mean and sample standard deviation:

I 1g _
Qm = g Z Am,r, Sm = 5 Z(am,r - am)2- (2)
r=1

r=1

The standard deviation describes variation across the three executions and is reported in

percentage points. This average is computed from round-level rates, rather than by pooling

36



CRM-Agent-Bench: Where Agents Meet Business Rules

attempts across rounds. We also report pass®, the fraction of tasks successful in all three
executions among tasks scored in all three, following the all-success reliability convention of
7-bench (Yao et al., 2025).

Model Round 1 Round 2 Round 3 Mean & SD pass’®
$ Gemini 3.8 Flash 464/555 480/555 480/555 85.53+1.66 78.20
% Claude Opus 5 459/555 462/555 465/554 83.20+0.62 73.47
® GPT-5.5 451/555 462/555 465/555 82.76+1.33 74.77
Y% Claude Sonnet 4.6 455/555 460/555 460/555 82.58+0.52 75.14
® GPT-5.6 Terra 453/555 447/555 462/555 81.80+1.36 72.43
® GPT-5.6 Sol 451/555 457/555 451/554 81.67 £0.59 73.65
% Gemini 3.1 Pro Preview 439/555 449/555 461/554 81.07 £2.06 73.83
% Claude Sonnet 5 451/555 445/555 441/555 80.30 +0.91 70.45
® GPT-5.6 Luna 448/555 444/555 442/555 80.12+0.55 70.63
® GPT-5.4 Nano 439/555 435/555 451/555 79.58 +1.50 67.57
B Inkling Small NVFP4 442/555 436/555 433/555 78.74+0.83 68.47
® Muse Glimmer 30B 437/555 431/555 441/555 78.62+0.91 67.93
Y% Claude Haiku 4.5 422/555 432/555 428/555 77.00+0.91 68.65
& Nemotron Super 3 120B 364/555 382/555 375/555 67.33+1.63 50.99
<3 Nemotron 3.5 Lightning 30B  357/555 363/555 363/555 65.05+0.62 54.95
® GPT-4.1 Nano 357/555 346/555 348/555 63.12+1.06 52.43

Table 9: Three directly comparable evaluation rounds under the common scoring standard.
Counts are successes/scored tasks; mean rates and p’a§s3 are percentages, and SD is in percentage
points (n = 3, sample SD). Round 1 is the formal first-round result. All 16 systems are ordered
by three-round mean. Each round schedules 555 tasks.

C.2 Aggregate and Ranking Stability

Across all 16 systems from the original leaderboard, Gemini 3.8 Flash ranks first in every round
and by the three-round mean (85.53%, SD 1.66 points). Claude Opus 5 remains second in each
round, including a tie with GPT-5.5 in round 2, and averages 83.29% (SD 0.62 points). The
Gemini—Opus gaps are 0.90, 3.24, and 2.55 points across the three rounds; their mean gap is 2.23
points. Thus, the original five-task lead is preserved in both additional runs, and the three-run

summary supports the observed ordering of these two systems.

The broader ordering is also consistent: pairwise Spearman rank correlations among all 16
systems are 0.922 for rounds 1-2, 0.869 for rounds 1-3, and 0.934 for rounds 2-3, using average
ranks for ties. Sample SDs range from 0.52 to 2.06 percentage points. Exact positions among
nearby systems nevertheless move: GPT-5.5 rises from joint fifth in round 1 to joint second and
third, while Sonnet 4.6 moves from third to fourth and sixth. Sol leads Terra in round 2 but
falls behind it in round 3; Inkling and Muse also reverse order between those rounds. These
changes support reporting multi-run means alongside individual-round results when models have

similar scores.

C.3 Consistency on Individual Tasks

Stable aggregate scores do not imply that the same tasks succeed each time. Gemini 3.8 Flash
passes 480 tasks in both rounds 2 and 3, but 30 task outcomes switch between those executions.

Across all three rounds, 434/555 tasks succeed every time (pass® = 78.20%), compared with its
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85.53% mean strict-success rate. For Opus, 407/554 jointly scored tasks pass all three rounds
(73.47%). The all-three-success metric therefore complements the mean by measuring sustained
task-level reliability. Taken together, the three-run results show a persistent lead across all
sixteen leaderboard systems and broadly consistent rankings, with residual variation among

close systems and on individual tasks.

D Qualitative Trace Evidence and Provenance

7

What is a “demo” in this appendix? W

A demo is a compact, trace-grounded view of one benchmark trial. It connects four layers
that aggregate scores hide: the task’s executable contract, the route and tool observations

produced at runtime, the visible assistant behavior, and the task-declared grader vector.

-

This appendix presents three diagnostic single-run traces covering strict success, a graded failure,
and a timeout. The cases explain execution mechanisms; failure-mode frequencies are reported
in the aggregate diagnostics over the 555 tasks. Case C uses an earlier grok-4.6 run with a
600-second task deadline, outside the 16-system leaderboard; the formal leaderboard protocol
specifies 1,200 seconds (Appendix A.3), and its release contains no timeouts. Figure 17 defines
the four-layer reading order, and Table 10 summarizes the selected cases and their diagnostic
roles. Task and tool identifiers are reproduced from the benchmark. Customer names, account
identifiers, and transaction records are synthetic; transaction identifiers are generated by the
resettable benchmark environment. Excerpts condense repeated turns and preserve the recorded

tool arguments, results, and grader outcomes.

Task contract Runtime trace Grader vector Outcome
intent, checks, dialogue, route, action, response, success / failure
protected state tools, state state, negatives timeout

Figure 17: How to read a trace demo. Each card links the declared contract to runtime evidence
and the individual grader decisions that produce the reported outcome.

Case Model Domain  Outcome Diagnostic value

A ¢ Gemini 3.1 Pro Preview Payments SUCCESS Recovery after a business-rule
rejection

B Y& Claude Sonnet 4.6 Payments FAILURE Duplicate side effect detected
only in final state

C Grok 4.6 Retail TIMEOUT On-policy interaction fails to
converge

Table 10: Selected single-run traces and their diagnostic roles.
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D.1 Case A: Recovery after a Structured Business Rejection

[ Demo A at a glance

STRICT SUCCESS Model: Gemini 3.1 Pro Preview

Trace scale: 2 turns, 4 tool calls, 81.27 s
What to watch: the first amount is rejected by a business rule; the agent revises the plan

without executing the forbidden $1,000 transfer.

.

Source and contract. This trace comes from gemini-3.1-pro-preview, seed 997688223,
task payments_transfer_insufficient_then_retry_01. The simulated user first requests a
transfer of $1,000 from ACC-1002 to ACC-1001; after an insufficient-funds response, the user
corrects the amount to $50. The contract requires two calls to validate_transfer, followed
by execute_transfer for $50. Executing the rejected $1,000 amount is forbidden. The final
balances must be $130.00 and $2,500.75, respectively.

Observed trajectory. The two-turn interaction took 81.27 seconds and remained in the
transfer__transfer node. On the first turn, the agent called get_account_balance and
observed a balance of $180. It then called validate_transfer (amount=1000), which returned
valid=false, reason Insufficient funds, and status 422. The assistant accurately told the
user that the transfer could not be completed. After the user replied, “Oh, sorry, I meant $50,”
the agent called validate_transfer (amount=50) and received valid=true; it then executed

the $50 transfer and returned transfer ID XFER-HD10VI.

Grading outcome. FExpected actions, arguments, order, final state, and the forbidden-
argument check all passed, giving strict task success. This case illustrates why a structured
rejection is not itself an agent failure: the benchmark checks whether the system interprets the

business response, revises the plan, and executes only the valid alternative.

D.2 Case B: Plausible Communication, Duplicate Execution

[ Demo B at a glance

STRICT FAILURE Model: Claude Sonnet 4.6

Trace scale: 4 turns, 10 tool calls, 161.84 s

What to watch: action, order, and response checks pass, but a repeated checkout doubles

the loyalty balance and is caught by the state grader.

. J

Source and contract. This trace comes from claude-sonnet-4-6, seed 4275343667, task
payments_checkout_full_chain_02. The requested $15.50 PayPal checkout requires, in or-
der, process_payment, send_receipt, award_loyalty_points, and log_transaction. The
assistant must report 155 earned points, and the final loyalty balance for ACC-1002 must equal
155.
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Observed trajectory. On the first agent turn, all four required tools succeeded. The
transaction ID was TXN-WLVOCO, and the loyalty tool returned 155 points with a balance of 155.
The assistant reported, “You earned 155 loyalty points from this $15.50 transaction.” When the
on-policy user pressed for timestamps and additional identifiers not returned by the tools, the
agent temporarily claimed that its earlier tool-backed result had been fabricated. On a later
turn it ran the entire checkout sequence a second time, creating transaction TXN-CS17PL and

awarding another 155 points. The final loyalty balance was therefore 310.

Grading outcome. The action, argument, order, and semantic-response checks passed. The
semantic judge cited the exact 155-point statement and returned contradiction_found=false,
even though an intermediate assistant message denied the already recorded tool execution.
The programmatic state check failed with expected 155, got 310, so the strict task outcome
was failure. This is a concrete case in which response-only or action-existence grading would
overestimate correctness, while final state exposes a duplicated business transaction. The judge’s
contradiction_found=false is itself a false negative here: the intermediate denial of an already
recorded tool result is a self-contradiction the semantic grader should have flagged, so the trace

also illustrates a limitation of the fixed judge, not only the value of the state check.

D.3 Case C: Timeout from an On-Policy Retry Loop

[ Demo C at a glance

TIMEOUT Model: Grok 4.6
Trace scale: 19 turns, 19 tool calls, 600.00 s

Protocol: earlier 600-second task deadline

What to watch: an unnecessary authentication route, simulator credential drift, and

repeated rejected calls combine into non-convergence.
- J

Source and contract. This trace comes from grok-4.6, seed 981070998, task commerce_
returns_01. The easy task asks only for the status of order ORD-9001; the declared action
is get_order_status, and the response should state that the order was delivered. The task

instruction gives the customer ID but does not provide a PIN.

Observed trajectory. The agent asked for a PIN before performing the lookup. The user
simulator then introduced PIN 8274, which is absent from the task specification. The agent
called authenticate_customer 18 times with that PIN; each call returned a structured 403
authentication failure. During the loop it also called get_order_status once with the correct
order ID and obtained status=Delivered, so the declared action and argument checks had
matching evidence. Nevertheless, the visible reply continued to request the same credentials
rather than report the retrieved status. The interaction reached 19 turns and terminated at

600.00 seconds with TimeoutError: task exceeded 600s during agent.run.

Grading outcome. The source record reports a timeout. The observed non-convergence

involved an unnecessary authentication route, simulator credential drift, repeated rejected calls,
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and the agent’s failure to report a tool result it had already obtained.

D.4 Trace Artifact Mapping and Provenance

The source records are drawn from the relative run artifacts. Each run artifact preserves the
full per-record trace for its run. The task ID identifies the exact record used above. Figure 18

summarizes the exact artifact—contract join used to reconstruct each demonstration.

Run artifact
all_traces.json ~a
dialogue, tools, graders

Exact join Appendix demo
model + seed + verified excerpt +
task_id diagnostic outcome

Task contract
domain YAML —
positive + negative checks

Figure 18: Trace-demo provenance. Each narrative joins the complete run artifact to its task
contract using the model, seed, and task ID.

Selection procedure. We first partitioned records by strict outcome: success, graded failure,
infrastructure timeout, and other infrastructure error. Within those partitions we inspected the
declared checks, number of turns, routes, tool-call sequence, and failure lists. We then selected
cases that (i) had a self-contained task contract, (ii) exposed a different evaluator behavior, and

(iii) collectively spanned distinct evaluator outcomes across the illustrated models.

Locating the source record. For Cases A—C, load the corresponding JSON array and select
the record whose task_id equals the identifier given in its “Source and contract” paragraph.
The original task contract is the object with the same ID in the released benchmark’s domain
YAML. This recovers the instruction, all declared positive and negative checks, the full on-policy

dialogue, tool observations, and the final grader fields used in this appendix.

E Construct Validity and Benchmark Scope

CRM-Agent-Bench evaluates task-declared execution requirements over multi-step interactions
with mutable state. The full-suite score measures satisfaction of each task’s executable contract;
Table 2 reports the coverage of its constituent checks. The benchmark combines dependent tool

execution, stateful business workflows, and on-policy interaction.

E.1 Long-Horizon, Dependency-Laden Execution

Tasks are multi-turn by construction, and many are multi-step. An on-policy simulated user
reveals information incrementally across up to 30 turns, so the agent must maintain state,
resolve entities, and re-plan as new constraints arrive rather than answer in a single shot.
Correctness is frequently defined over an ordered chain of dependent tool calls: in the audited
555-task set, 235 tasks declare at least two expected-action entries and 164 impose an explicit
ordering constraint, with canonical chains such as validate_transfer — execute_transfer

or process_payment — send_receipt — award_loyalty_points — log_transaction, and
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create — configure — verify — finalize onboarding flows. Because success is the strict conjunction
of every declared check, a single early error—a wrong entity, a skipped validation, a premature
finalize—propagates and fails the whole task. These requirements evaluate sustained planning,

cross-turn state tracking, and recovery from mid-trajectory feedback.

E.2 Stateful Business Workflows

The workflows cover authenticated returns and refunds, funds transfers, case triage and escalation,
appointment scheduling, guarded record deletion, account onboarding, and campaign creation
across nine stateful business domains and 36 capability tags. Actions mutate systems of record,
encounter business-rule rejections (for example authorization, conflict, and unprocessable-entity
responses), and can corrupt protected state belonging to other customers, accounts, or records.
The portable, license-clean environments support controlled evaluation of these operations
without a live CRM or vendor backend.

E.3 Probabilistic, On-Policy Dynamics

The environment’s business rules are deterministic, while the surrounding interaction varies
across trials. Each trial runs against an on-policy user simulator whose next utterance is
conditioned on the agent’s own prior replies, so a task defines a distribution over dialogues rather
than a fixed transcript; the agent’s decoding, the per-turn routing classifier, and state-dependent
business-rule outcomes each inject variability that a robust system must absorb. The same task
may be solved or missed depending on how a system handles credential drift, a rejected call, or
an ambiguous turn. The conjunctive contract exposes these failures at the component level, and
the pass® reporting protocol is designed to quantify run-to-run robustness directly. Appendix C
reports three-round means, sample standard deviations, ranking stability, and all-three-success

rates, including cases where equal aggregate scores conceal different task outcomes.

F Per-Domain System Flow Atlas

Each domain in CRM-Agent-Bench pairs a mutable environment with the graph-routed reference
scaffold of Section 2. Figures 19-27 give a layered view of one representative journey per domain.
Reading top to bottom, a user request descends through the interaction, orchestration, capability,
and environment layers; policy gates fork to a no-mutation branch that preserves protected
state; and the evaluation layer applies the strict conjunctive contract over the recorded trace
and final state. The evaluation layer maps its task-declared checks to the facets in Section 1:
action, argument, and order assess trajectory; response and state assess outcome; and forbidden
checks assess policy compliance. Operational viability is reported separately. All checks apply
only when declared in the task contract; Marketing tasks declare no negative assertions (N=0).
The diagrams are illustrative snapshots of the graph-routed reference scaffold, each showing one
multi-turn journey. The named capability node illustrates the journey, and the “Node-scoped
tools invoked” row lists the union of tools used across turns as the classifier re-routes. On
each turn, tool access is scoped to the selected node. Table 5 reports the full audited scaffold

inventory used in the reported runs.
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The construction lineages summarized in Table 4 connect each domain in the audited evaluation
set to its source workflow family. Retail and Customer Support combine seed and recipe-derived
capabilities; Field Service, Sales, and Marketing descend from the original seed program; and IT
Service Management, Payments, Travel, and Onboarding are recipe-derived. The captions give
the construction lineage and task count for each domain in the audited 555-task evaluation set;
the diagrams illustrate how a workflow is realized as nodes, tools, policy gates, state transitions,

and contract observables.
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Retail Commerce

Representative journey: authenticated return — “Return delivered order ORD-9001 for cus-
tomer CUST-501.”

User request

Interaction Request customer ID, PIN, order ID, and return reason; never infer
credentials
Orchestrati Classifier routes to returns__authentication else — unsafe / out_of_scope: de-
rchestration — —u _of _
one capability node is selected per user turn terministic refusal

\ J

}

Node-scoped tools invoked
Capabi"tv authenticate_customer W get_order_status R

}

Authenticate authenticate_customer

( ]
}

[Inspect order get_order_status ]

[ ]

[ ]

process_return W

Environment

¢ reject / no mutation
PRI no _ | Wrong PIN or another user’s cart;
E"glblhty gate FCIHIo7 (i Invalid/duplicate coupon, already-
returned or non-delivered order

}

Process return process_return [W]

Evaluation (strict conjunction)
action - argument - order - response - state - —forbidden

Visible reply

Report the tool-returned return ID and Returned status

Evaluation

Interaction

Figure 19: System flow for the Retail domain (representative commerce/returns flow). Audited
evaluation-set lineage: hybrid (95 tasks). Key: R/W/C denote read, write, and computation tools;
blue marks intermediate execution, green the accepted completion path, amber a policy gate,
and red rejection without business-state mutation. FEvaluation checks apply only when declared
in the task contract.
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Customer Support

Representative journey: urgent billing triage — “Dana has an urgent billing problem that the
knowledge base does not resolve.”

User request

Interaction “Dana has an urgent billing problem that the knowledge base does
not resolve.”

Classifier routes to triage__resolution [
one capability node is selected per user turn

}

Node-scoped tools invoked
Capability fetch_customer R classify_issue C  search_knowledge_base R

}

Identify customer fetch_customer

!

Classify issue classify_issue

[ ]
[ ]

Y
[Search guidance search_knowledge_base ]
[ J
[ ]
[ ]

Orchestration else — unsafe / out_of_scope: de- ]

terministic refusal

create_case W

Environment

!

reject / no mutation
Unknown/unverified identity or ac-

Resolution gate POLICY GATE |— 5| count; Unsupported credits, bulk
deletion, legal promises, or silent
¢ escalation

Create case create_case [W]

Y

Escalation gate POLICY GATE

Evaluation (strict conjunction)

Evaluation . .
action - argument - order - response - state - —forbidden
Visible repl

Interaction Pl -
Return the real case ID, status, and destination team

Figure 20: System flow for the Customer Support domain. Audited evaluation-set lineage: hy-
brid (125 tasks). Key: R/W/C denote read, write, and computation tools; blue marks intermediate
execution, green the accepted completion path, amber a policy gate, and red rejection without
business-state mutation. Evaluation checks apply only when declared in the task contract.
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Field Service

Representative journey: safe appointment reschedule — “Move my SA-0412 appointment to 3
PM.”

User request
Interaction Get email, appointment number when available, requested date/time,
and issue intent

Classifier routes t0 operations__schedule_management || else — unsafe / out_of_scope: de-
terministic refusal

Orchestration o )
one capability node is selected per user turn

}

Node-scoped tools invoked

FSA_Identify_User_Type_Based_on_Email R

Capability
FSA_Get_Appointment_details_based_on_User_Input R
FSA_Unschedule_Appointment W FSA_Update_Arrival_Windows W
¢ reject / no mutation
no Missing/unknown email or an-
Environment Hours gate POLICY GATE [——| other customer's appointment;

Weekend/out-of-hours change be-
fore mutation

}

Idenllfy user FSA_Identify User_Type_Based_on_Email

( )
( )
'

rind p——— ]
( )
[ )
( )

FSA_Get_Appointment_details_based_on_User_Input

}

Ownership gate POLICY GATE

}

Release slot FSA_Unschedule_Appointment [W]

}

Set new window FSA_Update_Arrival_Windows [W]

!

Evaluation (strict conjunction)
action - argument - order - response - state - —forbidden

Visible reply

Report the final Scheduled status and exact arrival window

Evaluation

Interaction

Figure 21: System flow for the Field Service domain. Audited evaluation-set lineage: seed
workflow (23 tasks). Key: R/W/C denote read, write, and computation tools; blue marks
intermediate execution, green the accepted completion path, amber a policy gate, and red
rejection without business-state mutation. Evaluation checks apply only when declared in the
task contract.
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IT Service Management

Representative journey: multistep outage escalation — “Escalate TCK-1001, add an outage
note, and move it to In Progress.”

User request
“Escalate TCK-1001, add an outage note, and move it to In Progress.”

}

Classifier routes to ticket_operations__tickets [
one capability node is selected per user turn

}

Node-scoped tools invoked
Capability get_ticket R escalate_ticket W  add_ticket_comment W
update_ticket_status w

Interaction

Orchestration else — unsafe / out_of_scope: de- ]

terministic refusal

¢ reject / no mutation
no Missing ticket/assignee, invalid as-

| signment transition; Unresolved clo-
sure; dependencies or insufficient
Escalate escalate_ticket [W]

delete permission
[ Record context add_ticket_comment [W] ]

Environment Resolve ticket get_ticket

}

Update lifecycle update_ticket_status [W]

}

Verify state

Evaluation (strict conjunction)

Evaluation . .
action - argument - order - response - state - —forbidden
Visible repl

Interaction P y'
Report all committed changes

Figure 22: System flow for the IT Service Management domain. Audited evaluation-set
lineage: recipe-derived (66 tasks). Key: R/W/C denote read, write, and computation tools; blue
marks intermediate execution, green the accepted completion path, amber a policy gate, and
red rejection without business-state mutation. Evaluation checks apply only when declared in
the task contract.
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Payments

Representative journey: complete checkout chain — “Charge $120 by card for ACC-1001 and
complete receipt, loyalty, and audit steps.”

User request
Bind amount, method, and target account; clarify any missing field

}

Classifier routes o checkout__checkout | else — unsafe / out_of_scope: de-
terministic refusal

Interaction

Orchestration

one capability node is selected per user turn

}

Node-scoped tools invoked

Capabi"ty get_account_balance R process_payment W send_receipt W
award_loyalty_points w log_transaction w
¢ reject / no mutation
no Frozen/unknown account, non-
Environment Account gate POLICY GATE [——| positive amount, insufficient funds;

Declined token creates no gateway
transaction 1D

}

Create payment process_payment [W]

[ J
[ J
'

[ Send receipt send_receipt [W] ]
[ ]
[ ]
[ ]

!

Award points award_loyalty_points [W]

!

Write audit 10g_transaction [W]

}

Reconcile

Evaluation (strict conjunction)

Evaluation . ;
action - argument - order - response - state - —forbidden
Visible reply

Interaction Report TXN ID, amount, receipt, and 1,200 points without repeating
checkout

Figure 23: System flow for the Payments domain. Audited evaluation-set lineage: recipe-derived
(73 tasks). Key: R/W/C denote read, write, and computation tools; blue marks intermediate
execution, green the accepted completion path, amber a policy gate, and red rejection without
business-state mutation. Evaluation checks apply only when declared in the task contract.
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Travel

Representative journey: flight + hotel + car + itinerary — “Plan New York to San Francisco for
Morgan Ellis, with four hotel nights and an economy car.”

User request
Get origin, destination, traveler name, stay length, car type, and email

!

Classifier routes to trip_orchestration__flights
one capability node is selected per user turn

!

Node-scoped tools invoked
Capability search_flights R book_flight W search_hotels R
create_hotel_booking W book_car W

}

Search fllghts search_flights

!

Book selected flight bvook_t1ight [W]

!

Search destination hotels search_hotels ]

Interaction

else — unsafe / out_of_scope: de-

Orchestration terministic refusal

L

Environment

}

[ Reserve selected hotel create_hotel_booking [W]

!

Book requested car book_car [W]

}

reject / no mutation

no Unknown or exhausted inventory;
Reference gate IFOLLISYY A= Unverified booking reference or un-
¢ solicited component
. Evaluation (strict conjunction)

Evaluation . .
action - argument - order - response - state - —forbidden
Visible reply

Interaction Report the itinerary and exact confirmed/reserved components to the
user

Figure 24: System flow for the Travel domain. Audited evaluation-set lineage: recipe-derived
(93 tasks). Key: R/W/C denote read, write, and computation tools; blue marks intermediate
execution, green the accepted completion path, amber a policy gate, and red rejection without
business-state mutation. Evaluation checks apply only when declared in the task contract.
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Customer Onboarding

Representative journey: complete account setup — “Create Layla’s Growth account and com-
plete onboarding.”

User request
Interaction Obtain customer name, unique email, and requested plan before cre-
ating anything

Classifier routes to account_setup__onboarding [
one capability node is selected per user turn

!

Node-scoped tools invoked

Capability create_customer_account W conf igure_account_settings w

Orchestration terministic refusal

else — unsafe / out_of_scope: de- ]

send_verification_email w finalize_onboarding w

!

Create account create_customer_account [W]

!

Duplicate gate POLICY GATE

}

Configure plan configure_account_settings [W]

!

[ ]
[ }
[ )
(Sond verfation s erirmvimemn¥] )
[ ]
[ )

Environment

reject / no mutation
Duplicate email; Finalize before con-
figured && verified

no
>

}

Prerequisite gate POLICY GATE

}

Finalize finalize_onboarding [W]

Y

Evaluation (strict conjunction)

Evaluation . .
action - argument - order - response - state - —forbidden
. Visible reply
Interaction ) . -
Return the account ID, plan, configured, verified, and finalized status

Figure 25: System flow for the Onboarding domain (representative customer-onboarding flow).
Audited evaluation-set lineage: recipe-derived (41 tasks). Key: R/W/C denote read, write, and
computation tools; blue marks intermediate execution, green the accepted completion path,
amber a policy gate, and red rejection without business-state mutation. Evaluation checks apply
only when declared in the task contract.
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Sales Development

Representative journey: warranty outreach to conversion — “Contact an account nearing war-
ranty expiry and process its extension interest.”

User request
Interaction Collect the lead ID or person-account email; never invent an internal
identifier

Classifier routes to lead_outreach__warranty_update [ [e|se — unsafe / out_of_scope: de- ]

Orchestration

one capability node is selected per user turn terministic refusal

}

Node-scoped tools invoked
SDR_Update_Warranty_Status_to_About_to_Expire w
SDR_Draft_OutReach_Email_for_Account W
SDR_Schedule_Email W SDR_Create_Opportunity_New W

Capability

L

¢ reject / no mutation
Duplicate lead, unknown target,
Environment Consent gate PoLICY GATE |— 25| opted-out lead; Expired/duplicate
warranty transition or unapproved
¢ scheduling

Warranty gate
SDR_Update_Warranty_Status_to_About_to_Expire [W]

}

[ ]
| |
(Draf outroach s oace vaeen i sor e W] |
[ J
[ )
[ )

}

Approval gate POLICY GATE

}

Schedule message spr_Schedule_Email [W]

}

Convert interest SDR_Create_Opportunity_New [W]

Evaluation (strict conjunction)
action - argument - order - response - state - —forbidden

[Visible reply

Draft and schedule the warranty-extension confirmation

Evaluation

Interaction

Figure 26: System flow for the Sales domain (representative sales-development flow). Audited
evaluation-set lineage: seed workflow (18 tasks). Key: R/W/C denote read, write, and computation
tools; blue marks intermediate execution, green the accepted completion path, amber a policy
gate, and red rejection without business-state mutation. Evaluation checks apply only when
declared in the task contract.
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Interaction

Orchestration

Capability

Environment

Evaluation

Interaction

Figure 27: System flow for the Marketing domain (representative campaign flow). Audited
evaluation-set lineage: seed workflow (21 tasks). Key: R/W/C denote read, write, and computation
tools; blue marks intermediate execution, green the accepted completion path, amber a policy
gate, and red rejection without business-state mutation. Evaluation checks apply only when

Marketing Campaigns

Representative journey: audit best CTR and relaunch — “Find my best-CTR campaign and

relaunch it to the most engaged customers.”

User request
Collect the marketing user’'s email; unknown users stop without metric

disclosure

Classifier routes to campaigns__campaign_creation
one capability node is selected per user turn

L

}

Node-scoped tools invoked
MA_Get_Campaign_With_Best_CTRC MA_Get_CTR_Of_A_CampaignC
MA_Get_Most_or_Least_Engaged_Customer_List C

MA_Create_A_Campaign_With_Most_or_Least_Engaged_Customers w

-

else — unsafe / out_of_scope: de-
terministic refusal

J

}

Find best campaign 4A_Get_Campaign_With_Best_CTR

}

}

Audit performance A _Get_CTR_0f_A_Campaign

Ownership gate POLICY GATE ]&

MA_Get_Most_or_Least_Engaged_Customer_List

Create derivative
MA_Create_A_Campaign_With_Most_or_Least_Engaged_Customers [W]

|
|
|
Y
[ Select audience
|

|

}

Evaluation (declared checks only)
Conjoin declared positive checks.

No negative assertions are declared for Marketing (N=0).

Visible reply
Return source metrics, audience summary, normalized dates, and
creation confirmation

declared in the task contract.

reject / no mutation

Unknown user/campaign or owner
mismatch; Missing name, descrip-
tion, dates, or Most/Least selection
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