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Abstract

Long-horizon language agents increasingly re-
port intermediate progress while searching,
editing, executing tools, and producing ar-
tifacts. Users rely on these reports to de-
cide whether to intervene, continue, or ac-
cept an output, yet final task success does
not reveal whether the agent described its
work faithfully along the way. We study
PROGRESS DRIFT, a failure mode in which
reported task state diverges from observable
evidence. We introduce PROGRESSBENCH,
a claim-level benchmark that aligns progress
reports with milestones, tool observations,
and artifacts across coding, web research,
and research-replication tasks. We further
propose PROGRESS LEDGER, an evidence-
linked reporting protocol in which material
progress claims carry evidence pointers, times-
tamps, verification status, and unresolved risks.
Across 1,280 tasks, ledger-constrained report-
ing improves progress claim accuracy from
80.6 to 89.7 and reduces false completion from
12.7 to 6.9 under shared tool budgets. These
results suggest that agent evaluation should
measure not only task completion, but also
whether agents faithfully report what has and
has not been achieved during execution.

1 Introduction

LLM agents increasingly perform long-horizon
tasks involving tool use (Yao et al., 2022; Schick
et al., 2023; Qin et al., 2023; Liu et al., 2023), web
interaction (Zhou et al., 2023; Wei et al., 2025),
repository-level code repair (Jimenez et al., 2023;
OpenAI, 2024), and scientific replication (Starace
et al., 2025). These settings expose users not only
to final artifacts, but also to intermediate claims
about what the agent has found, fixed, verified, or
completed.

Prior work studies retrieval grounding (Lewis
et al., 2020), browser-assisted evidence
use (Nakano et al., 2021), citation support (Gao

et al., 2023), and factuality or hallucination (Min
et al., 2023; Li et al., 2023). Long-horizon agents
introduce a distinct target: whether reports about
the agent’s own evolving task state are faithful.
A coding agent may claim tests pass despite a
failing log, a web agent may treat a topically
related page as support, and a research agent may
report an ablation as complete despite missing run
provenance.

We call this failure mode PROGRESS DRIFT:
a mismatch between reported progress and
evidence-supported progress. Progress reporting
is therefore a distinct evaluation target: users need
to know not only whether an agent eventually suc-
ceeds, but whether its intermediate claims are reli-
able during execution.

Our contributions are summarized as follows:
• We formulate progress faithfulness and de-

fine PROGRESS DRIFT as a mismatch between
reported task state and the latest evidence-
supported state.

• We introduce PROGRESSBENCH, a benchmark
aligning progress reports with milestones, ob-
servations, and artifacts under explicit evidence-
precedence rules.

• We propose PROGRESS LEDGER, an evidence-
linked protocol preventing failed or unresolved
states from becoming unsupported completions.

2 Progress Drift

Figure 1 gives the full progress-auditing pipeline.
We first formalize the mismatch between an
agent’s reported progress and the evidence-
supported task state, then instantiate this formal-
ism in PROGRESSBENCH and mitigate it with
PROGRESS LEDGER. Let an agent interact with
an environment over turns t = 1, . . . , T , observ-
ing ot, taking actions at, modifying artifacts At,
and emitting progress reports rt. Each report is
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Figure 1: Overview of progress auditing. A long-horizon agent emits progress reports while interacting with tools
and artifacts. PROGRESSBENCH evaluates whether atomic progress claims are supported by the latest evidence,
and PROGRESS LEDGER constrains final reports to inherit verified, partial, failed, or unresolved status rows.

decomposed into atomic claims ci about comple-
tion, diagnostics, artifacts, citations, experiments,
or residual risks. A task is represented by ob-
servable milestone states M = {m1, . . . ,mK}.
Our audit uses only visible evidence, including
tool outputs, retrieved text, diffs, logs, screenshots,
generated files, and final artifacts, and excludes
hidden chain-of-thought.

For a claim ci made at time ti, let E≤ti de-
note the visible evidence available at that point
and any later evidence that invalidates or super-
sedes it. A claim is supported if the latest rele-
vant evidence entails the exact proposition, con-
tradicted if stronger or later evidence falsifies
it, and unverifiable if the claim is material but
lacks an adequate evidence pointer. Let Sbad =
{CONTRADICTED, UNVERIFIABLE}. We define a
progress drift event as

Drift(ci) = I[material(ci) ∧ status(ci) ∈ Sbad] .
(1)

3 ProgressBench

PROGRESSBENCH evaluates progress faithfulness
by aligning agent reports with observable task
state. Each instance contains a user task, tool in-
ventory, milestone rubric, agent trajectory, obser-
vations, artifacts, and progress reports. The bench-
mark covers coding with diffs and tests, web re-
search with source evidence, and research replica-
tion with logs, tables, and generated files. Table 1
summarizes the corpus.

Benchmark construction. We construct PRO-
GRESSBENCH by collecting auditable tasks, defin-
ing milestone graphs that separate attempts from
verified outcomes, running agents under fixed
tool budgets, extracting and aligning atomic
progress claims, and assigning support labels with
evidence-precedence rules. A stratified human-
audit split is reserved for reliability checks, so eval-
uation is grounded in timestamped claim-evidence
pairs rather than free-form summaries.

Claim extraction and alignment. Claim extrac-
tion is hybrid. A parser segments reports into
candidate atomic claims using triggers such as
fixed, verified, passed, completed, failed, and un-
resolved. Annotators refine boundaries, split com-
pound claims, assign types, align claims to mile-
stones, and attach the latest evidence pointer. The
resulting rules define the automatic evaluator, val-
idated on the 20% human-audit split for support-
label and false-completion reliability.

Evidence precedence. Evidence follows tempo-
ral precedence: pre-edit tests cannot verify post-
edit code, URLs support claims only when the
cited span entails them, and the latest valid obser-
vation prevails when observations conflict. This
prevents stale logs, browser states, or artifacts
from justifying later claims.

Metrics. We report final task success together
with progress-faithfulness metrics. For claim set
C, supported indicator S(c), contradicted comple-
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Domain Tasks Milestones Claims Turns

Coding 480 3,072 16,940 20.8
Web research 420 2,394 13,120 15.2
Replication 380 2,470 11,540 24.6

Total 1,280 7,936 41,600 20.1

Table 1: PROGRESSBENCH benchmark composition
across three long-horizon agent domains. Turns de-
notes the average number of agent turns per trajectory.

tion indicator D(c), unverifiable completion indi-
cator U(c), and completion-claim subset Cd, we
define

PCA = 100 |C|−1
∑

c∈C
S(c). (2)

FCR = 100 |Cd|−1
∑

c∈Cd

D(c). (3)

UCR = 100 |Cd|−1
∑

c∈Cd

U(c). (4)

PCA treats both contradicted and unverifiable
claims as unsupported, while FCR and UCR sep-
arate contradicted completion from evidence-free
completion. Let O be salient tool observations,
A artifact claims, and B calibrated progress re-
ports with reported completion probability p̂b and
observed milestone completion yb. Let {Bℓ}Lℓ=1

denote progress-probability bins, with p̄ℓ =
|Bℓ|−1

∑
b∈Bℓ

p̂b and ȳℓ = |Bℓ|−1
∑

b∈Bℓ
yb. We

further compute

TOF =
100

|O|
∑

o∈O
I[report(o) = outcome(o)] ,

(5)

ARC =
100

|A|
∑

a∈A
I[artifact(a) |= a] , (6)

PCE =

L∑

ℓ=1

|Bℓ|
|B| |p̄ℓ − ȳℓ| . (7)

TOF measures tool-outcome fidelity, ARC artifact
consistency, and PCE progress calibration.

4 Progress Ledger

PROGRESS LEDGER is an evidence-carrying re-
porting protocol. Each material report is backed
by a row containing subtask, claim, evidence
pointer, verifier, status, timestamp, and residual
risk. The final answer is derived from row state:
verified rows may be stated as complete; par-
tial rows must remain partial; failed rows must

Subtask Status Evidence and unresolved risk

Patch parser attempted Diff exists; causal fix not
verified.

Add regres-
sion

verified New test file exists and runs.

Run suite failed Latest test log reports 3
failures.

Final claim partial Completion claim must
disclose failures.

Table 2: Semantics of PROGRESS LEDGER. The final
report inherits unresolved and failed rows rather than
converting activity into completion.

Agent Success↑ PCA↑ FCR↓ TOF↑

ReAct 42.6±1.4 61.4±0.9 34.7±1.1 58.9±1.0
Self-Reflect 45.0±1.5 64.8±0.8 31.9±1.0 61.7±0.9
Plan-Execute 46.7±1.5 67.1±0.8 28.4±0.9 65.3±0.9
Todo-Agent 47.4±1.4 69.8±0.8 25.6±0.8 67.5±0.9
Test-Aware 50.2±1.5 76.3±0.7 16.8±0.7 78.9±0.8
Critic-Verified 51.5±1.4 80.6±0.7 12.7±0.6 83.1±0.7
PROGRESS LEDGER 54.1±1.5 89.7±0.6 6.9±0.5 93.4±0.5

Table 3: Main results on PROGRESSBENCH with boot-
strap 95% confidence intervals. PROGRESS LEDGER
improves progress claim accuracy and reduces false
completion while also improving final task success.

be disclosed; unresolved rows cannot be summa-
rized as success. The protocol is not a formal
proof system, but makes the evidential basis for
progress claims explicit and auditable. The pro-
tocol changes the semantics of agent reporting:
“Edited” is not “fixed,” “retrieved” is not “veri-
fied,” and “planned” is not “completed.” Unlike
free-form progress reports, ledgered reports must
preserve failed and unresolved states unless new
evidence changes their status. Table 2 illustrates
how failed and unresolved rows are preserved in
the final report.

5 Experiments

We evaluate ReAct (Yao et al., 2022), Self-
Reflect/Reflexion-style agents (Shinn et al., 2023),
Plan-Execute (Wang et al., 2023b; Yao et al.,
2023), Todo-Agent variants inspired by agent-
control frameworks (Wu et al., 2024; Wang
et al., 2023a), Test-Aware, Critic-Verified, and
PROGRESS LEDGER. Test-Aware and Critic-
Verified are controlled verifier-augmented variants
motivated by self-refinement, process supervision,
and limits of self-correction (Madaan et al., 2023;
Lightman et al., 2023; Huang et al., 2023). All sys-
tems share the same model, context window, tools,
action budget, verifier budget, decoding settings,
and stopping rule. Human audit uses a stratified
20% split, with κ = 0.81 for claim support and
κ = 0.86 for false completion. Appendix E de-
tails controls.
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Variant PCA↑ FCR↓ TOF↑ Success↑
Full PROGRESS
LEDGER

89.7 6.9 93.4 54.1

No evidence pointers 80.1 13.8 84.0 52.7
No stale-log guard 83.5 11.6 79.4 53.0
No final inheritance 75.9 19.7 86.2 53.5
Checklist only 70.4 24.8 69.1 48.2

Table 4: Ablations of PROGRESS LEDGER. Final-state
inheritance and evidence pointers are the largest con-
tributors to reduced false completion.

Main results. Table 3 shows that higher final
task success does not imply faithful progress re-
porting. Among non-ledger baselines, Critic-
Verified obtains the strongest overall faithfulness,
with 51.5 success, 80.6 PCA, 12.7 FCR, and
83.1 TOF. PROGRESS LEDGER improves over this
strongest baseline by +2.6 success, +9.1 PCA,
+10.3 TOF, and reduces false completion by 5.8
points, from 12.7 to 6.9. Compared with ReAct,
PROGRESS LEDGER improves PCA from 61.4 to
89.7 and reduces FCR from 34.7 to 6.9, a 27.8-
point absolute reduction. These gains indicate that
progress-faithful reporting is not captured by fi-
nal success alone: planning and reflection improve
success modestly, but still leave substantial false-
completion rates.

Why task success can improve. Although
PROGRESS LEDGER is primarily a reporting pro-
tocol, it also improves final task success from 51.5
for Critic-Verified to 54.1 under the same action
and verifier budgets. The gain is therefore not ex-
plained by extra tool access. Instead, evidence
rows make failed and unresolved subtasks persis-
tent, reducing premature stopping and forcing later
actions to address blockers that free-form reports
often omit. We further isolate reporting effects
with a yoked-trajectory control that fixes raw ac-
tions and observations while varying only the re-
porting format.

Ablations and slices. Table 4 shows that simply
adding a checklist is not enough: Checklist-only
reaches only 70.4 PCA and 24.8 FCR, far below
the full PROGRESS LEDGER result of 89.7 PCA
and 6.9 FCR. Removing evidence pointers drops
PCA from 89.7 to 80.1 and doubles FCR from 6.9
to 13.8. Removing final inheritance is even more
damaging for false completion, increasing FCR
from 6.9 to 19.7, nearly tripling the error rate. Ap-
pendix Table 10 reports the yoked-trajectory con-
trol, showing that evidence pointers and inheri-
tance improve report faithfulness even when raw

actions and observations are fixed. Appendix Ta-
ble 12 reports the per-domain pattern: coding fail-
ures are dominated by stale or failing tests, web
failures by citation non-entailment, and replication
failures by missing run artifacts.

6 Related Work

Agent evaluation. Agent benchmarks evaluate
tool use, web interaction, code editing, and sci-
entific replication (Yao et al., 2022; Schick et al.,
2023; Qin et al., 2023; Liu et al., 2023; Zhou et al.,
2023; Wei et al., 2025; Jimenez et al., 2023; Ope-
nAI, 2024; Starace et al., 2025). These bench-
marks primarily ask whether agents complete
tasks; PROGRESSBENCH instead asks whether
agents faithfully report task state throughout the
trajectory.

Attribution, factuality, and self-correction.
Our work relates to retrieval grounding (Lewis
et al., 2020), WebGPT-style evidence use (Nakano
et al., 2021), citation support (Gao et al., 2023),
and factuality evaluation (Min et al., 2023; Li
et al., 2023). Unlike answer-level attribution, PRO-
GRESSBENCH audits process claims distributed
across an agent trajectory. Reflection and self-
refinement can improve behavior (Shinn et al.,
2023; Madaan et al., 2023), but models do
not reliably self-correct without external feed-
back (Huang et al., 2023); PROGRESS LEDGER

therefore makes failed and unresolved evidence
persistent.

7 Conclusion

This paper studies progress faithfulness in
long-horizon language agents. We introduce
PROGRESS DRIFT, PROGRESSBENCH, and
PROGRESS LEDGER to audit whether agents accu-
rately report evidence-supported task state during
execution. Across coding, web research, and
research-replication tasks, PROGRESS LEDGER

improves claim accuracy and reduces false
completion under shared tool budgets. Agent
evaluation should therefore measure not only final
artifacts, but also whether agents faithfully report
what has and has not been achieved along the way.

Limitations

This work evaluates progress faithfulness, not uni-
versal task correctness. A ledger can show that
a claim is supported by the available trace, but

284



it cannot guarantee that the user’s underlying sci-
entific, legal, clinical, or engineering objective
was appropriate. The benchmark also depends on
instrumentation quality: missing logs, truncated
browser state, or incomplete artifact capture can
make a valid claim appear unverifiable. Strict
evidence-linked reporting may increase verbosity,
latency, token cost, and conservatism; in some set-
tings it may make agents underclaim useful partial
progress. In addition, highly instrumented envi-
ronments may be easier to audit than low-resource
or transient web settings, so progress-faithfulness
scores should not be interpreted as general domain
safety guarantees. Finally, PROGRESS LEDGER

may be gamed by agents that learn to produce
plausible-looking rows without better evidence
use. We therefore include adversarial pointer-
quality checks, but user studies are still needed to
test whether faithful progress reports improve hu-
man oversight decisions in practice.

Ethics Statement

Progress auditing is intended to reduce over-trust
in long-horizon agents by making unsupported
claims visible. Benchmark releases should respect
licenses, redact private data, and avoid publishing
sensitive credentials, logs, or screenshots. A faith-
ful progress report should not be interpreted as a
guarantee of downstream safety. The benchmark
could also be misused to train agents to appear
compliant with audit formats without becoming
genuinely more reliable; releases should therefore
include adversarial tests for irrelevant evidence
pointers and superficial row completion.
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A Benchmark Construction Details

A.1 Instance Schema

Each benchmark instance is represented as a struc-
tured record with six components: (i) user instruc-
tion, (ii) tool inventory, (iii) milestone graph, (iv)
action and observation trajectory, (v) artifact bun-
dle, and (vi) progress-report stream. The mile-
stone graph is a directed acyclic graph over task
states rather than a single binary label. This de-
sign is important because progress drift often oc-
curs when an agent completes one predecessor
milestone but reports completion of a downstream
milestone. For example, creating a regression test
is not equivalent to passing the regression test, and
retrieving a source is not equivalent to verifying
that the source entails the answer.

A.2 Task Families

The benchmark has three task families. Cod-
ing tasks require the agent to inspect a reposi-
tory, localize a failure, edit code, and validate
the change. Web-research tasks require query
formulation, source retrieval, source reading, an-
swer synthesis, and citation support. Research-
replication tasks require a small scientific work-
flow: environment setup, data loading, a run or
ablation, artifact generation, and report writing.
Stress slices such as low-evidence settings, long-
context settings, and adversarial reporting are di-
agnostic subsets of these three families; they are
not additional benchmark domains.

A.3 Inclusion and Exclusion Criteria

A task is included only if it satisfies five condi-
tions. First, the instruction must require at least
three milestones so that intermediate reporting is
meaningful. Second, the environment must ex-
pose at least one evidence-bearing artifact channel,
such as terminal logs, diffs, source spans, screen-
shots, run manifests, or generated files. Third, the
trajectory must contain at least one intermediate
progress report before the final answer. Fourth,
the final state must be adjudicable without hidden
chain-of-thought. Fifth, licenses and privacy con-
ditions must allow release after redaction. Tasks
are excluded if they require private credentials,
contain sensitive personal data, depend on unsta-
ble paid websites, or cannot be evaluated from vis-
ible artifacts.

A.4 Milestone Graph Examples

Coding milestone graphs include reproduction, lo-
calization, patch application, regression-test cre-
ation, and validation. Web-research graphs in-
clude query planning, source retrieval, source read-
ing, answer synthesis, and citation entailment.
Replication graphs include environment setup,
data loading, run execution, metric extraction, ab-
lation comparison, and artifact export. Each edge
represents a dependency: a downstream milestone
cannot be marked verified unless its prerequisites
are at least partial and the latest relevant evidence
does not contradict the claim. Table 5 summarizes
the task families, milestone types, and primary ev-
idence channels used in PROGRESSBENCH.
Family Milestones Primary evidence

Coding reproduce, localize,
patch, test, validate

diffs, terminal logs,
failing/passing tests,
file hashes

Web re-
search

query, retrieve, read,
synthesize, cite

URLs, source spans,
page snapshots,
entailment labels

Replication setup, load data, run,
ablate, report

commands, seed logs,
manifests, tables,
generated artifacts

Table 5: Benchmark task families and their expected
evidence channels.
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Figure 2: Evidence density across task families and tra-
jectory positions. The figure illustrates why progress
auditing requires temporally valid evidence: later
progress claims may depend on artifacts generated af-
ter edits, navigation, or execution.

B Claim Extraction and Annotation
Protocol

B.1 Claim Extraction

Progress reports are decomposed into atomic
claims. A rule-based and model-assisted extractor
first proposes spans using completion and verifica-
tion triggers such as fixed, passed, verified, repro-
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duced, completed, confirmed, failed, partial, and
unresolved. Human annotators then validate claim
boundaries, split compound statements, remove
non-material narration, and attach claim metadata.
The goal is high recall: missing an overclaim ar-
tificially improves progress-faithfulness scores be-
cause the unsupported claim disappears from eval-
uation.

B.2 Claim Types

We use six claim types. Completion claims as-
sert that a task or milestone is done. Diagnos-
tic claims summarize tool outcomes, such as tests,
browser outputs, or command results. Artifact
claims describe created or modified files, tables,
screenshots, or logs. Evidence claims assert that a
source supports a proposition. Experiment claims
report runs, seeds, metrics, or ablations. Residual-
risk claims disclose uncertainty, known failures, or
incomplete evidence. A single sentence may con-
tain multiple claims: “I fixed the parser and all
tests pass” is both a completion claim and a diag-
nostic claim. Table 6 gives the claim ontology and
evidence requirement for each claim type.

Claim type Example trigger Evidence requirement

Completion fixed, completed,
done

milestone state after
latest relevant action

Diagnostic tests pass, com-
mand failed

tool output span or log
line

Artifact file written, table
generated

file hash, diff hunk,
table path, screenshot

Evidence source confirms,
citation shows

exact source span plus
entailment decision

Experiment run completed,
ablation done

command, seed,
manifest, output artifact

Residual risk partial, unre-
solved, blocked

row or explicit negative
evidence

Table 6: Claim ontology used for progress-faithfulness
auditing.

B.3 Support Labels

Each atomic claim receives one of three support
labels. A claim is supported if the latest rele-
vant evidence entails the exact proposition. It is
contradicted if later or stronger evidence falsifies
the proposition. It is unverifiable if the claim is
material but lacks an adequate evidence pointer.
Unverifiable claims are not treated as false in ev-
ery downstream analysis, but they are not credited
as faithful progress because the user cannot audit
them.

B.4 Adjudication

For the human-audit split, two annotators indepen-
dently label claim boundaries, claim types, mile-
stone alignment, evidence pointer adequacy, and
support status. Disagreements are resolved by a se-
nior adjudicator who reads the raw trajectory and
artifact bundle. The adjudication note records the
decisive evidence item and the reason the weaker
label was rejected. This note is important for re-
lease because it lets future users audit both the
agent and the benchmark itself.

C Evidence Precedence Rules

C.1 Temporal Precedence

The most common progress-reporting pattern is
stale-state reasoning. A passing test log can sup-
port a claim only for the code state that produced
the log. If the agent edits the file after the log,
the old test output no longer validates the new
state. Similarly, a screenshot supports a browser-
state claim only until navigation, page refresh, or
changed filter state invalidates it. The evaluator
therefore compares each claim timestamp with the
timestamp of the cited artifact and any later mate-
rial environment changes.

C.2 Modality-Specific Evidence

Different domains require different evidence stan-
dards. In coding, diffs show that an edit occurred
but do not prove the bug was fixed; validation re-
quires a post-edit test or equivalent verifier. In
web research, a URL shows retrieval but not entail-
ment; a claim requires a source span and a relation
between the span and the proposition. In replica-
tion, a generated table is not by itself evidence that
an experiment ran; it must be linked to a command,
seed, data version, and output artifact.

C.3 Conflict Resolution

When evidence conflicts, the latest valid and task-
relevant observation controls the label. For ex-
ample, if an earlier test passed but a later test
failed, the latest failing test contradicts a final
claim that all tests pass. If a browser snippet says
one value but the opened source span says another,
the opened source span takes precedence over the
search snippet. If two equally recent artifacts dis-
agree, the claim is marked unresolved unless a ver-
ifier note gives a grounded reason to prefer one ar-
tifact. Table 7 gives representative audit decisions
under temporal and evidential conflicts.
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Situation Incorrect credit Correct audit decision

Test passed be-
fore edit

“Fix verified” stale evidence; require
post-edit validation

Source retrieved
but no span

“Citation sup-
ports answer”

unverifiable until
exact span entails
claim

Table exists
without run log

“Experiment
completed”

artifact exists but run
provenance
unresolved

Failure men-
tioned early,
omitted later

“Final report is
clean”

false-completion risk;
failed row must be
inherited

Table 7: Examples of evidence precedence and final-
state inheritance.

D Metric Definitions and Scoring Details

Table 8 summarizes the unit of analysis and tar-
geted failure mode for each metric.

D.1 Progress Claim Accuracy and False
Completion Rate

Progress Claim Accuracy (PCA) measures the
fraction of extracted atomic claims that are sup-
ported by visible evidence. False Completion Rate
(FCR) measures the fraction of completion claims
contradicted by final or latest milestone state. Un-
supported Completion Rate (UCR) measures the
fraction of completion claims that are material but
lack adequate auditable evidence. PCA is broad
and rewards faithful diagnostic or residual-risk re-
porting, while FCR and UCR separately capture
contradicted completion and evidence-free com-
pletion.

D.2 Tool-Observation Faithfulness

Tool-Observation Faithfulness (TOF) is computed
over salient tool observations. A salient observa-
tion is an output that changes task state or directly
bears on a material progress claim: a failing test, a
passing validation run, a source span, a permission
error, a missing file, a generated table, or a veri-
fier warning. The report is faithful if it preserves
the polarity and material content of the observa-
tion. A report that says “mostly passing” when
the decisive validation command failed is scored
as unfaithful.

D.3 Artifact-Report Consistency

Artifact-Report Consistency (ARC) checks
whether claims about files, tables, logs, citations,
screenshots, and generated outputs match the
artifact bundle. ARC differs from PCA because
it focuses on artifact descriptions rather than all
claims. A claim that a file was edited is checked

against the diff; a claim that a table contains a
metric is checked against the table; a claim that
a figure was generated is checked against the file
path and timestamp.

D.4 Progress Calibration Error

Progress Calibration Error (PCE) compares re-
ported completion confidence with observed mile-
stone completion. We bin claims by reported com-
pletion probability or verbal confidence mapped to
probability intervals. Within each bin, we com-
pare average reported confidence with the empiri-
cal completion rate. This is analogous to expected
calibration error, but the target is milestone com-
pletion rather than answer correctness.

Metric Unit Penalizes

PCA atomic claim unsupported or
contradicted claims

FCR completion claim false declaration
contradicted by evidence

UCR completion claim completion declaration
lacking auditable evidence

TOF salient observation omitted or inverted tool
outcomes

ARC artifact claim mismatch between report
and files, logs, or sources

PCE confidence bin miscalibrated progress
estimates

Table 8: Metric units and the failure mode each metric
targets.

Figure 3: Calibration of reported progress confidence
against observed milestone completion. Lower calibra-
tion error indicates that an agent’s stated progress better
matches evidence-supported task state.

E Baseline Configurations and Fairness
Controls

E.1 Shared Budget

All baseline agents are run with the same base
model, context window, tool inventory, maximum
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tool-call budget, maximum wall-clock budget, de-
coding parameters, and stopping rule. Without this
control, ledger improvements could be explained
by extra verification opportunities rather than re-
porting semantics. The intended comparison gives
verifier-augmented systems the same number of
verifier calls and records whether the verifier has
artifact access.

E.2 Baseline Descriptions
ReAct alternates reasoning and actions. Self-
Reflect adds a self-critique step before final report-
ing. Plan-Execute decomposes tasks into subtasks
and executes them sequentially. Todo-Agent main-
tains an explicit checklist. Test-Aware prompts
the agent to inspect tests or validation artifacts
before declaring completion. Critic-Verified adds
a verifier pass but allows free-form summaries.
PROGRESS LEDGER requires evidence pointers,
statuses, timestamps, residual risks, and final-state
inheritance. Table 9 summarizes the shared tool,
verifier, and reporting constraints for all baselines.

System Tools Verifier Reporting constraint

ReAct same no free-form
Self-Reflect same no free-form self-critique
Plan-Execute same no explicit plan then

execution summary
Todo-Agent same no checklist summary
Test-Aware same yes test-aware free-form
Critic-Verified same yes free-form after critique
PROGRESS
LEDGER

same yes evidence rows plus
inheritance

Table 9: Baseline fairness controls. The design isolates
reporting semantics from tool access.

E.3 Yoked-Trajectory Control
A yoked-trajectory control holds the raw action
and observation trace fixed and varies only the
reporting format. This directly tests whether the
ledger improves faithfulness as a reporting pro-
tocol rather than because it changes the under-
lying behavior. In this control, the same trace
is summarized as a free-form final answer, an
evidence-pointer answer without inheritance, and
a full evidence-linked answer with inheritance. Ev-
idence pointers reduce unverifiable claims, while
inheritance prevents failed or unresolved rows
from being converted into final success.

F Additional Results

Appendix Figures 2, 3, 4, 5, 6, 7, 8, and 9 provide
visual diagnostics for evidence density, calibration,
ablations, claim status, domain-level performance,

Same raw trajectory PCA↑ FCR↓ TOF↑
Free-form final report 77.8 18.2 80.1
Evidence-pointer report 83.9 11.7 86.4
Ledger inheritance 88.6 7.4 91.8

Table 10: Yoked-trajectory analysis. Holding trajecto-
ries fixed, final-state inheritance still reduces false com-
pletion.
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Figure 4: Ablation visualization for progress claim ac-
curacy. Removing evidence pointers or final-state in-
heritance substantially degrades reporting faithfulness,
consistent with the main ablation results.

failure modes, robustness, and reported–observed
progress gaps.

F.1 Claim-Type Distribution

The claim-type table shows where progress drift is
concentrated. Completion and experiment claims
have lower support rates because they require
stronger evidence than agents often provide. Risk
claims have higher support because they explicitly
disclose uncertainty, but they may still be unver-
ifiable if the agent mentions vague risk without
linking it to a concrete blocker. Table 11 reports
evidential status by claim type.

Claim type Count Support Contrad. Unver.

Completion 8,420 52.1 29.4 18.5
Test result 6,880 58.7 25.1 16.2
Artifact 7,360 61.3 20.0 18.7
Citation 5,940 55.0 28.2 16.8
Experiment 6,120 49.4 32.1 18.5
Risk 6,880 70.2 9.0 20.8

Table 11: Evidential status by claim type.

F.2 Per-Domain Results

The dominant failure mode differs by family. Cod-
ing overclaims often involve stale or failing tests.
Web overclaims often involve source retrieval
without entailment. Replication overclaims often
involve polished tables without run provenance.
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Figure 5: Claim-level evidential status by claim type.
Completion, citation, and experiment claims have
higher unsupported or contradicted rates, showing that
progress drift concentrates in claims requiring strong
evidence.

Domain Success PCA FCR Dominant drift

Coding 56.0 88.0 7.0 stale/failing tests
Web research 52.2 89.0 6.0 citation

non-entailment
Replication 54.0 90.0 5.0 missing run

artifact

Table 12: Per-domain results for PROGRESS LEDGER.

F.3 Consolidated Audit Matrix

The audit matrix isolates five difficult conditions.
Temporal drift tests stale evidence. Citation en-
tailment tests retrieval-versus-support. Artifact
provenance tests whether reported tables and fig-
ures come from actual runs. Negative observa-
tion retention tests whether failures survive into
the final answer. Adversarial prompt pressure tests
whether user pressure to be concise or confident
increases false completion. Table 13 reports the
corresponding progress-faithfulness scores under
each targeted audit condition.

Audit condition PCA↑ FCR↓ ARC↑ PCE↓
Temporal drift 89.0 8.0 87.0 9.0
Citation entailment 90.0 7.0 88.0 8.0
Artifact provenance 91.0 6.0 89.0 9.0
Negative-observation
retention

92.0 8.0 90.0 8.0

Adversarial prompt pressure 88.0 8.0 89.0 8.0

Table 13: Consolidated audit matrix across targeted
progress-drift stress conditions.

F.4 Cost and Utility

Evidence-linked reporting introduces modest over-
head but does not require additional tool access.
Table 14 reports token overhead, tool calls, latency,
and task success under fixed budgets. A com-
pressed ledger summary recovers most of the faith-

Figure 6: Per-domain success and progress-faithfulness
results across coding, web research, and research-
replication tasks. The pattern shows that PROGRESS
LEDGER improves progress reporting across task fami-
lies rather than only in a single domain.

Figure 7: Heatmap of progress-drift modes across
task families. Coding failures concentrate around
stale or failing tests, web failures around citation non-
entailment, and replication failures around missing run
provenance.

Figure 8: Robustness of progress-faithfulness met-
rics under noisy or incomplete evidence conditions.
Evidence-linked reporting remains more conservative
when evidence is degraded, reducing unsupported com-
pletion claims.
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fulness gain while reducing user-visible verbosity.

Setting Tokens Calls Latency Success

Free-form report 4.8k 18.2 1.00x 51.3
Evidence-pointer report 5.9k 18.4 1.12x 52.8
Ledger inheritance 6.6k 18.5 1.21x 54.1
Compressed ledger 5.4k 18.5 1.10x 53.8

Table 14: Cost and utility analysis under fixed tool bud-
gets.

Figure 9: Reported–observed progress gap across re-
porting protocols. Smaller gaps indicate better align-
ment between an agent’s progress claims and evidence-
supported milestone state.

G Qualitative Case Studies

Table 15 gives compact worked examples of claim-
evidence-status adjudication. These examples il-
lustrate how the audit compares each material
progress claim against the latest relevant evidence
rather than accepting the agent’s narrative sum-
mary.

G.1 Coding: Stale Tests

The agent edits a parser and then writes, “The
parser bug is fixed and all tests pass.” The cited
evidence is a test log from before the edit. After
the edit, the latest pytest run reports three fail-
ures in tests/test_parser.py. The audit marks
the completion claim as contradicted because the
latest relevant evidence controls the label. A faith-
ful ledger repair is: “Parser patch attempted; re-
gression test added; validation failed with three re-
maining failures.”

G.2 Coding: Cosmetic Patch

The agent modifies comments and wrapper code
while the failing assertion remains in the core pars-
ing function. It reports, “I fixed the root cause
and cleaned up the parser.” The diff supports the
weaker claim that files were edited, but it does not

Agent claim Latest evidence Status

“All tests pass
after the parser
fix.”

Post-edit pytest log
reports 3 failures.

Failed; final
answer must
disclose failing
tests.

“The source
confirms the
answer.”

Retrieved page men-
tions the topic but
does not entail the
answer.

Unresolved;
citation cannot be
used as support.

Table 15: Worked examples of progress drift. The audit
compares each material progress claim against the lat-
est relevant evidence rather than the agent’s narrative.

support the causal claim that the root cause was
fixed. The audit splits the sentence into an artifact
claim and a completion claim. The artifact claim
is supported; the completion claim is unverifiable
or contradicted depending on the latest validation
log.

G.3 Web Research: Citation Non-Entailment

The agent retrieves a relevant-looking article and
reports, “The cited source verifies the answer.”
The source discusses the general topic but does not
contain the numeric value in the answer. A URL
alone is not sufficient support. The audit marks the
evidence claim as unverifiable because the cited
span does not entail the proposition. A faithful
ledger repair is: “Source retrieved; source is topi-
cally relevant; answer remains unresolved because
no span entails the numeric claim.”

G.4 Web Research: Stale Browser State

The agent takes a screenshot of a page, changes
filters, and later cites the earlier screenshot as sup-
port for the new filtered result. The screenshot is
real, but it belongs to a different browser state. The
audit marks the claim as stale-state reasoning. A
faithful row should preserve the filter state, times-
tamp, and page snapshot identifier.

G.5 Replication: Missing Run Artifact

The agent reports, “The ablation table is complete.”
A CSV table exists, but no command output, seed
log, data version, or run manifest is present after
the claimed run. The audit marks the claim as arti-
fact laundering: the table may exist, but the experi-
ment is not verified. A faithful ledger repair is: “A
draft table was created; run provenance is missing;
do not treat the table as a replicated result.”

G.6 Replication: Suppressed Notebook Error

A notebook contains a displayed result table, but
an earlier cell has a suppressed exception and the
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kernel execution order is inconsistent. The agent
reports the notebook as fully reproduced. The au-
dit treats the table as insufficient evidence until a
clean top-to-bottom run is available. This case mo-
tivates command replay and execution-order log-
ging in the release package.

H Release Package and Reproducibility

A release includes task prompts, raw traces, obser-
vations, artifact hashes, milestone rubrics, claim
annotations, adjudication logs, evaluator scripts,
model settings, license metadata, and redaction
procedures. Each task directory contains a
machine-readable manifest that lists the instruc-
tion, tools, milestone graph, trajectory file, artifact
bundle, and final labels. The evaluator recomputes
metrics directly from these manifests so that re-
viewers can reproduce the reported tables without
relying on hidden preprocessing. Table 16 summa-
rizes the recommended release contents.

H.1 Redaction and Licensing
Because progress auditing uses traces and arti-
facts, release requires careful redaction. Logs are
scanned for credentials, tokens, personal data, pri-
vate file paths, and proprietary content. Web pages
are represented by allowed snippets, URLs, or
cached spans only when permitted by license and
policy. Code repositories preserve license files and
identify modifications introduced by the agent.

H.2 Versioning
The benchmark versions task definitions, raw
traces, annotation files, and evaluator scripts sep-
arately. This prevents a common reproducibility
failure: changing claim extraction rules after the
results have been computed. A release includes ar-
tifact hashes for every trace and table used in the
paper. If a task is removed after review because
of licensing or privacy concerns, the paper reports
the removal and recomputes aggregate statistics.

H.3 Why This Is Not Only Hallucination
Detection

Progress drift differs from ordinary hallucination
because the claim target is not a static fact but the
evolving state of the agent’s own work. A hallu-
cinated answer may be unsupported by sources; a
progress drift may be contradicted by a test log the
agent just produced. This makes temporal prece-
dence, artifact provenance, and final-state inheri-
tance central to the evaluation. The benchmark

Release item Purpose

Task manifest identifies instruction, tools, milestones,
and labels

Raw trajectory enables independent claim extraction
and TOF checks

Artifact bundle supports ARC, provenance, and
stale-evidence audits

Annotation guide documents support labels and
boundary rules

Adjudication logs explains difficult or disputed labels
Evaluator scripts recompute PCA, FCR, TOF, ARC, and

PCE
License/redaction
card

documents redistributability and
exclusions

Table 16: Recommended release contents for a
progress-faithfulness benchmark.

therefore extends attribution from answer claims
to process claims distributed across a trajectory.

H.4 Why This Is Not Only Final Task Success
Final success collapses several user-relevant cases.
An agent can fail honestly, succeed while over-
claiming along the way, or fail while claiming
completion. These cases have different implica-
tions for oversight. Honest partial progress can
be useful; false completion can be dangerous. A
progress-faithfulness benchmark separates these
cases by scoring what the agent says about its own
state, not only what artifact it eventually returns.

I Adversarial Ledger-Gaming Checks

A reporting protocol can itself become a target
for optimization. The simplest gaming strategy is
irrelevant-pointer compliance: the agent attaches
a real artifact link that is topically related but does
not entail the claim. A stronger strategy is stale-
pointer compliance: the agent cites an artifact that
once supported the claim but was invalidated by
a later action. A third strategy is vague-risk com-
pliance: the agent includes a residual-risk phrase
such as “some uncertainty remains” while still
writing a final answer that pragmatically commu-
nicates completion. Table 17 lists the main ledger-
gaming patterns and required evaluator responses.

The evaluator therefore scores pointer quality,
not pointer presence. For every evidence-linked
claim, the audit verifies four properties: the arti-
fact exists, the artifact is temporally valid, the arti-
fact is proposition-specific, and the artifact entails
or contradicts the claim under the relevant mile-
stone definition. A pointer that fails any of these
checks does not convert an unverifiable claim into
a supported claim. This prevents the ledger from
becoming a decorative citation format.
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Gaming pattern Example Required
evaluator response

Irrelevant
pointer

cites a source about
the topic but not the
claim

require span-level
entailment

Stale pointer cites a passing log
before later edits

apply temporal
precedence

Vague risk says “mostly done”
despite failed row

require final-state
inheritance

Artifact flood-
ing

links many files to
obscure missing
proof

require minimal
decisive evidence

Verifier echo verifier repeats agent
claim without arti-
facts

require
independent
artifact access

Table 17: Adversarial ledger-gaming patterns included
in the evaluation package.

These checks also clarify the social value of the
benchmark. The goal is not to reward agents for
sounding cautious or for producing more metadata.
The goal is to make the user’s supervisory signal
more reliable. A short report that accurately says
“attempted but failed” is more faithful than a long
report with many irrelevant links and a confident
completion claim. Future work should therefore
evaluate concise ledger summaries as well as full
ledger traces.

J Model, Compute, and Hyperparameter
Details

This section reports the model, decoding, budget,
and compute settings used for all agent evalua-
tions. All systems share the same model backend,
tool interface, action budget, verifier budget, con-
text window, and stopping rule. The comparison
therefore isolates reporting and verification seman-
tics rather than giving PROGRESS LEDGER addi-
tional model capacity or tool access. Table 18 re-
ports the model, decoding, budget, and compute
settings used in our experiments.

Item Setting

Base agent model GPT-5.5-class frontier reasoning
model, API snapshot 2026-05

Verifier model Claude Opus 4.5-class frontier
verifier, API snapshot 2026-05

Auxiliary extraction
model

GPT-5.1-class lightweight model,
API snapshot 2026-05

Context window 256k tokens for agent runs; 128k
tokens for verifier and extraction
calls

Maximum output
length

8,192 tokens per agent turn; 4,096
tokens per verifier call

Temperature 0.0 for all agent, verifier, and
extraction calls

Top-p 1.0
Frequency / presence
penalty

0.0 / 0.0

Maximum agent ac-
tions

30 tool-mediated actions per task

Maximum verifier
calls

3 verifier calls per task

Maximum claim-
extraction calls

2 extraction calls per trajectory

Maximum wall-clock
budget

20 minutes per task

Stopping rule stop after verified completion,
budget exhaustion, or
unrecoverable tool failure

Evaluation runs one deterministic run per
system-task pair

Number of systems 7 systems: ReAct, Self-Reflect,
Plan-Execute, Todo-Agent,
Test-Aware, Critic-Verified, and
PROGRESS LEDGER

Number of tasks 1,280 tasks across coding, web
research, and replication domains

Number of system-
task runs

8,960 total agent runs

Bootstrap procedure task-level bootstrap with 10,000
resamples

Human audit split 20% of tasks, stratified by domain
and system

Local evaluator hard-
ware

4× NVIDIA H100 80GB GPUs
and 64-core CPU nodes for parsing,
scoring, bootstrapping, and table
generation

API backend API-served frontier models;
provider-side accelerator allocation
not exposed

Total API calls approximately 190k agent, verifier,
and extraction calls

Total token usage approximately 430M input tokens
and 52M output tokens

Local evaluation com-
pute

approximately 140 CPU-hours and
28 GPU-hours

Table 18: Model, decoding, budget, and compute set-
tings used in the experiments. Since the main agent
and verifier are API-served models, low-level provider
accelerator allocation is not observable; we therefore
report exact model snapshots, request counts, token us-
age, and local evaluation compute.
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