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Abstract
Operators meter agentic AI one model call at a time, because
the call is what the serving stack and the invoice expose. The
unit of work is the plan: one request expands into generator,
veri!er, retry, and judge calls, so the dashboard’s numbers
are decided one layer above the layer that records them.
We present P!"#L"$%&, a thin runtime layer that stamps
three !elds on every call: a plan identi!er, a stage role, and
a commit "ag set at plan close. Four plan-level accounts
follow by aggregation. On a 1,000-task workload calibrated
to published benchmarks and a production survey, per-call
accounting reports as productive 12.5% of compute the agent
later threw away, 19.5% for software-engineering agents;
plan-level audits reach 50% of spend against 21% for call-
level audits; and a per-plan retry budget of two keeps 98%
of task success at 54% of the abandoned work. No telemetry
convention or observability platform records any of the three
!elds today.

CCS Concepts: • Computer systems organization→ Re-
liability; • Computing methodologies→ Arti!cial in-
telligence.
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1 Introduction
A coding agent picks up a ticket. It reads the repository,
drafts a patch, and runs the tests. The tests fail. The agent
retries three times, throws the attempts away, revises its
approach, and calls a second model to con!rm the !x. One
request has become fourteen calls, and the dashboard shows
fourteen rows, each with tokens, latency, and cost, because
serving and the invoice report calls [9, 23]. Calls are what
teams reason with.
The fourteen calls did not arrive independently. A plan

produced them: it decided how many there would be, which
veri!ed another’s output, and which were thrown away; one
request expanding into generator, veri!er, retry, and judge
calls is the general shape of agentic execution [19, 30, 35].
Two units diverge. The unit of work, what a user requests
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Figure 1. The !x is a tap, not a rebuild.

and waits on, is the plan; the unit of attribution, what cost
and reliability get charged to, is the call. Accounting that
reads the !rst through the second cannot say which plan, or
which stage of which plan, was expensive or unreliable. We
call the mismatch the single-call fallacy.
Is this not just missing metadata? Three routes look

like !xes and are not. Serving systems consume plan
shape [12, 16, 18] but schedule with it and never record it;
the meter below still sees "at rows. The OpenTelemetry
GenAI registry names operations such as invoke_agent and
execute_tool,1 yet no attribute identi!es a call’s plan, no
role separates veri!cation or retry from generation, and noth-
ing records whether a step survived into the !nal answer; an
open RFC on agent lifecycle conventions stops short of all
three.2 Waste studies measure the loss from outside, 21 to 36%
of agent tokens [14, 25, 31], without giving the meter a !eld
that sees it in place. The missing piece is the record itself.

P!"#L"$%& is that record: the smallest change that makes
the plan visible to accounting. The runtime stamps three
!elds on every call it issues: a plan identi!er; a stage role
(generate, tool, retrieve, verify, judge, retry); and a commit
"ag set at plan close marking survival into the !nal answer.
Each !eld is something the runtime already knows: it minted
the plan, it typed the step, and at close it holds the answer’s
lineage. Nothing else moves: serving stays as it is, the iden-
ti!er rides where tracing context rides, and four accounts
follow by aggregation (§3): totals (A1), productive versus
reliability (A2), fan-out with its cause (A3), and version mix
(A4). Figure 1 frames the change: the meter moves up one
layer, the plumbing stays.
1https://opentelemetry.io/docs/specs/semconv/registry/a!ributes/gen-ai/,
attribute registry, stability Development, August 2026.
2https://github.com/open-telemetry/semantic-conventions-genai/issues
/35 and https://github.com/traceloop/openllmetry/issues/3460.
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We evaluate P!"#L"$%& on a 1,000-task simulated work-
load calibrated to AgencyBench and to a production survey
of deployed agents [11, 19]. Per-call accounting reports as
productive 12.5% of compute the agent later threw away,
19.5% for software-engineering agents. Cost-ranked call au-
dits reach 21% of total spend; the same e#ort at plan level
reaches 50%. And the record is a control: a per-plan retry bud-
get of two keeps 98% of task success at 54% of the abandoned
work.

We make four contributions:
• We name the single-call fallacy and place the plan against
call, trace, and task granularities (§2).
•We specify P!"#L"$%&: the plan object with append-only
revision, a precise commit rule, the three-!eld record, and
the four accounts (§3).
•We quantify what the per-call view misses, what the plan
view recovers, and why removing any !eld blinds one ac-
count (§4).
• We release the workload generator, the accounts library,
and every script behind §4, so the accounting claims here
can be replayed rather than trusted: https://github.com/han
abhp/PlanLayer.

Broader impact and scope. A correct unit of accounting
sits upstream of every policy: retry budgets, plan-aware
billing, and carbon attribution inherit what the meter can
see, and today it sees calls. Visibility cuts both ways, and a
crude hand on the new knob trades success for cost in ways
a record cannot adjudicate, so P!"#L"$%& is deliberately
policy-free: it reports lineage and leaves the decision with
the deployment. The same !elds would let carbon accounts
charge reasoning and rollback to the plans that pay o# [22].

2 The Single-Call Fallacy
Per-call accounting attributes cost, latency, and reliability to
individual model invocations. Invoices report it, dashboards
aggregate it, and energy and carbon for the same spend
are pro!led with it [6, 13, 22]. The key tension: the view is
exactly right for chat, where call and unit of work coincide,
and quietly wrong for agents. What breaks is fourfold. Fan-
out is set by the plan, so two requests with identical intent
di#er by an order of magnitude in calls [1] and the per-call
view loses the cause. Veri!cation, retry, and judging exist
to make the answer correct [2, 19], yet a cost-ranked view
reads a retry as a duplicate to suppress. A spike has no owner
without a propagated identi!er; it lands on whatever calls
happened to be running. And the user waits on the plan’s
completion time, a quantity no per-call latency captures [19].
Table 1 places the granularities side by side: traces (spans
without semantics) and tasks (outcomes without shape) each
recover part of the picture, and only the plan carries roles
and commit state, the two attributes the four failures share.

Table 1. Accounting granularities compared.

Can it attribute. . . Call Trace Task Plan

calls to their work"ow ↑ ⊋ ⊋ ⊋
spend to stage roles ↑ ↑ ↑ ⊋
discarded (uncommitted) work ↑ ↑ ↑ ⊋
latency the user waits on ↑ part. ⊋ ⊋
cost to a planning decision ↑ ↑ ↑ ⊋

read draft test revise test verify commit

retry ↑3
discarded

Figure 2.The plan for the ticket of §1; thick edges committed,
hatched uncommitted.

3 PlanLayer
The plan object. A plan is a directed acyclic graph of calls,
produced and revealed incrementally by the runtime [26, 27,
35]. Nodes carry a role; edges carry dependency or fallback.
Real agents loop, revise, and abandon branches mid-"ight, so
the object is append-only: a revision adds nodes and edges
under the same identi!er, and a loop unrolls into repeated
role-typed steps. Because accounts are computed at close,
a plan that changed shape !ve times yields the same four
accounts as one that did not; superseded pre!xes simply close
uncommitted, and per-call rows never change. The rollbacks
in §4 are exactly such mid-"ight revisions, so every headline
number is measured over plans modi!ed during execution.
The commit rule. The commit "ag needs a rule, not a feel-
ing. At close, the runtime marks committed every call on a
data path into the !nal answer, every retrieval or tool call
whose output such a call consumed, and every verify or judge
call whose verdict admitted a committed step; everything
else closes uncommitted. In Figure 2, the revision, its passing
test, and the veri!er are committed, and so are the !rst draft
and failing test, because the revision consumed them; the
three retries are not. Uncommitted is lineage, not blame: a
discarded attempt may be why the committed one exists,
and §4 prices that exchange.
The record. P!"#L"$%& stamps three !elds on every call: the
plan identi!er, the stage role, and, at plan close, the commit
"ag. Four accounts follow. A1: per-plan cost, completion
time, and outcome, split committed versus abandoned. A2:
generator spend against veri!cation, retry, and judging, the
bottleneck recent work identi!es for useful agents [20]. A3:
calls per plan, so a spike is charged to the planning decision
that produced it. A4: whichmodel served each stage, so cross-
version retries stop smearing into an average. Three !elds
are stamped; the version in A4 is not a fourth, because the
model string arrives with every serving response and A4 is
a join at close.
Placement. The record is mechanism; what to do with it
is policy. Following the exokernel split [5], the three !elds
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belong in the durable layer of the runtime, and the decisions
built on them stay outside it, a separation just argued for
agent interfaces as well [28]. Stamping needs no new infras-
tructure: one identi!er and two enumerations per call plus
a join at close, with roles taken from the runtime’s own step
types, so no model output is parsed. The carrier exists too:
the identi!er and role travel as span attributes beside today’s
gen_ai !elds, while the commit "ag cannot: spans are im-
mutable once ended and commit is known only at close, so
that !eld lives in the runtime. Multi-agent plans need no spe-
cial case: the identi!er crosses with a delegated request, and
the delegating step becomes a tool node whose subtree is the
callee’s plan, and the failure modes that motivate veri!cation
in these systems are exactly the ones a role-labeled account
localizes [2]. The accounts feed directly into systems that
already assume plan shape exists but stop short of recording
it, among them precedence-aware schedulers [10], agentic
exploration [32], and counterfactual performance models [3].
Deployment path. P!"#L"$%& does not require schema
agreement before it is useful. A framework can stamp the
!elds for its own plans and gain A1 to A4 locally; a gateway
can stamp the identi!er and infer coarse roles from its own
routing, recovering A1 and A3 "eet-wide while A2 waits
on cooperation. The commit "ag alone needs the runtime,
because only the runtime knows which steps survived.

4 Evaluation
Methodology. No production trace with per-call plan mem-
bership is public, so we evaluate on a generated workload cal-
ibrated to published measurements. Plan lengths follow the
AgencyBench mixture [11]: 70% short plans (median 6 calls),
25% research plans (median 33), 5% long autonomous plans
(median 120), matching the survey where most deployments
run few steps and a minority run for hours [19]. Plans revise
mid-"ight with 25% probability, calibrated to reports of 21 to
36% reducible agent work [14, 25, 31]; a revision discards 30
to 70% of executed steps and appends a fresh branch under
the same identi!er, exercising §3’s append-only semantics.
The result: 1,000 tasks, 1,246 plans, 21,587 calls over a sim-
ulated month. All numbers are properties of this simulation.
RQ1: How much compute is invisible per call? Of the
compute per-call accounting reports as productive, 12.5% sits
in steps the agent later abandoned; no per-call !eld marks
them. Figure 3(a) shows why the blind spot concentrates:
calls per plan span two orders of magnitude, and the 17.5%
of plans with 33 or more calls carry 66% of tra$c. Figure 3(b)
breaks the share out by agent type: chat plans are too short
to revise and lose 1.8%; research and tool-use agents lose
11.6% and 12.7%; software-engineering agents lose 19.5%.
The high-value frontier of deployment is where the per-call
view is most wrong.
RQ2: Does per-call ranking !nd the expensive plans?
No. Plan totals are set mainly by fan-out; per-call cost varies

Table 2. Drop one !eld; which accounts go blind.

removed !eld

Account id role commit ver.†

A1 totals with provenance ↑ ⊋ part. ⊋
A2 productive vs. reliability ↑ ↑ ⊋ ⊋
A3 fan-out with cause ↑ ⊋ ⊋ ⊋
A4 version mix per stage ↑ ⊋ ⊋ ↑

†Not stamped: the model string serving returns, joined at close. “part.”:
totals survive without the committed split.

far less, and the rank correlation between a call’s cost and
its plan’s total is 0.07. Figure 3(c) shows the consequence:
the top 10% of calls by cost reaches 21% of spend while the
top 10% of plans reaches 50%. The expensive calls are large-
context chat; the expensive plans are long chains of cheap
calls.
RQ3: What does the record enable? Once the commit
"ag exists, discarded work becomes controllable. Figure 3(d)
sweeps a per-plan retry budget enforced from the recorded
lineage. Unlimited retries give the 12.5% baseline at 71.4%
success; a budget of two keeps 98% of that success (70.1%)
at 54% of the waste (6.8%); a budget of zero saves most and
costs most, 1.8% waste at 62.3% success. Here is the sur-
prising bit: budgets above zero buy success, not just spend.
The 9.1 points of success between 𝐿=0 and 𝐿=↓ are success
that discarded attempts purchased, priced at 10.7 points of
abandoned share; the "ag turns that exchange rate from folk-
lore into a measurable property. The account also guards
the guard: at a 10% veri!er false-positive rate, the reliabil-
ity share A2 reports in"ates from 23% to 31%, a drift only a
role-labeled account can "ag.
RQ4: Is every !eld necessary? Table 2 removes one !eld
at a time. Each removal blinds a distinct account: without
the identi!er nothing aggregates; without roles reliability
spend disappears into generation; without the commit "ag
abandoned work returns to invisibility inside A1; without
the version join cross-version retries smear into an average.
Nothing in the record is redundant.

5 Discussion and Threats
The 12.5% headline moves with the calibration. Sweeping
the revision rate and abandoned-pre!x length jointly gives
0.9% at the most conservative corner (5% rate, short pre!xes),
10.7% at the survey-aligned point, and 24.0% at the worst
(40% rate, long pre!xes). Production-hardened deployments
sit low in the range. What does not move is visibility: at
every operating point the abandoned work is invisible to a
unit with no !eld for whether a step survived. MAST-style
production traces [2] with plan membership would pin the
share without changing which unit can see it.

Roles are only as honest as the runtime that assigns them;
we !rst tried inferring roles from model outputs, and it failed
because frameworks phrase retries as fresh generations, so
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Figure 3. The fallacy, quanti!ed (1,246 plans; 21,587 calls).

the enumeration moved into the trace format. And the layer
is not free, though its cost (§3) is small against auditing the
wrong plans.
Interaction with serving optimizations. Pre!x caching
makes the per-call number less meaningful still: calls with
identical token counts di#er several-fold in served cost with
cache hits, and the discount belongs to the plan, whose steps
share pre!xes, not to any call [9, 23]; plan totals absorb the
sharing because it happens inside the unit.
Billing, SLOs, and incentives. What would it mean to
bill by plan? Every provider meters per call and per token;
usage exports group by project, key, workspace, user, or
model, and none exposes a work"ow unit,3 so a plan-level
bill is assembled client-side, which the identi!er makes
mechanical. For the user, A1 binds a service objective: the
completion time and outcome of what they waited on. For
whoever runs the agent, the accounts reprice model selec-
tion: a cheaper planner that doubles fan-out shows up as
a more expensive plan, and cross-version retries stop hiding
in averages. The key tension is incentive: A2 protects the
user, and the operator stamps it, so a runtime that mislabels
retries "atters its own split. The role enumeration therefore
belongs in a shared trace format, and white-box benchmarks
emitting the three !elds [29] would let accounting claims
be replayed rather than trusted.

6 Related Work
Serving already consumes plan shape. Parrot exposes ap-
plication shape to the scheduler since request-level APIs strip
it [12]; Autellix schedules agent programs as wholes [16];
Cortex pools resources by work"ow [18]; precedence-aware
schedulers exploit the dependency graph [10]. Each assumes
the shape is recorded somewhere; P!"#L"$%& is the some-
where.
Agent e"ciency measures the waste. Token studies !nd
59% of tokens in review loops [25], 21 to 36% reducible by
trajectory reduction [31], and large savings under runtime
supervision [14]; coding-agent cost is predictable from plan
shape [1], and the carbon of agentic test-time compute has
been pro!led per step [22], a tax the commit "ag lets opera-
tors charge to the plans that pay o#. These treat waste as an
3OpenAI groups usage by project, key, user, and model; Anthropic by
workspace, key, and model; Google Vertex accepts per-request billing labels.
None de!nes a plan unit.

agent-side target; we treat its invisibility as an accounting-
side defect.

Observability and control. AgentSight traces agents at
kernel and network boundaries [37], uni!ed interfaces pro-
pose a shared observability spine [7, 13], AgentCgroup !nds
the same mismatch one layer down [36], and agentic perfor-
mance management needs the counterfactual inputs A1 to
A4 provide [3].

Semantic conventions and platforms. The OpenTeleme-
try GenAI conventions standardize per-call span attributes
(operation names, token usage, agent and conversation iden-
ti!ers, a work"ow name); proposals add lifecycle spans (§1).
LangSmith, Langfuse, Arize Phoenix, Traceloop, Helicone,
Weave, and Datadog reconstruct the trace tree and cost it.
None carries a durable plan identi!er, a reliability role, or
commit state, and none can carry the last as a span attribute,
since spans are immutable once ended while commit is
known only at plan close. The conventions are the carrier
our !elds extend, not a substitute.

Characterization. Production surveys establish the verify-
retry-judge shape [4, 19, 20]; MAST taxonomizes the failures
veri!cation catches [2]; benchmarks supply the workload
shape we calibrate to [8, 11, 15, 17, 34]; agent designs span
tool use [24, 26, 33] and multi-agent societies [21]. None
can be charged for what it discards until the discarding is
recorded.

7 Conclusion
Return to the ticket. Fourteen rows sat on the dashboard;
three !elds turn them back into one plan with a committed
spine and a hatched branch that !nally has a price. P!"#’
L"$%& moves the tap, not the plumbing: stamp the !elds
where the plan is visible, derive the accounts, and cost be-
comes auditable, attributable, and controllable. A public trace
format carrying the three !elds can replace the 12.5% we sim-
ulate with deployment numbers. Everything follows from
three !elds the runtime already knows.
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