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Abstract

Large Language Model (LLM) agents increas-
ingly operate in multi-step, multi-turn settings
that combine user interaction, tool use, state
changes, and communication. Most agent
evaluation still emphasizes task completion,
while procedure-aware checks remain frag-
mented. We conduct a systematic survey and
introduce F∗, a systematic organizing map
that maps scattered procedural checks into a
shared audit space spanning integrity relations
and quality dimensions. Applying this frame-
work to recent agent-evaluation work reveals
three procedural blind spots: most work re-
mains outcome-focused or procedurally under-
specified, procedure-aware checks mostly re-
main local spot-checks, and communication
grounding lags action compliance. To close
these gaps, we propose four new Natural Lan-
guage Processing (NLP) missions around com-
munication grounding, constraint semantics,
reasoning faithfulness, and procedural equity.
This survey provides a comprehensive overview
of procedure-aware agent evaluation, offering
a common vocabulary and coverage map that
clarify what current benchmarks can certify and
provide clear guidelines for future research.

1 Introduction

Large Language Model (LLM)-based agents are
increasingly evaluated in tasks that unfold over
multiple steps and turns: they retrieve information,
call tools, modify state, navigate interfaces, and
report decisions or explanations (Wang et al., 2023;
Zhou et al., 2024). Unlike one-shot text genera-
tion for human review, these interactions produce
procedures whose effects may be difficult to undo.
A booking confirmed on the wrong date or a re-
fund issued without authorization cannot simply be
corrected by regenerating a response.

Evaluation has not kept pace. Leading bench-
marks still focus on terminal state: whether a code
patch resolves an issue (Jimenez et al., 2024), a web

page reaches the target state (Zhou et al., 2024), or
a final answer matches a gold reference (Mialon
et al., 2024). They evaluate the destination, not the
trajectory. An agent that bypasses authentication,
fabricates policy, or misrepresents what it did can
receive the same score as one that followed every
required step. This is the phenomenon of corrupt
success: procedurally flawed behavior that pro-
duces correct-looking outcomes (Cao et al., 2026a).
For example, a customer-service agent may issue
the correct refund but cite a nonexistent “48-hour
cooling-off policy” and never actually verify the
user’s booking record. The survey question is there-
fore not only whether a benchmark checks proce-
dure, but which cross-artifact consistency relation
its score is licensed to certify.

The difficulty is not that procedure-aware eval-
uation is entirely missing. Pieces already exist
across tool grounding, safety stress testing, pol-
icy conformance, and dialogue evaluation (Chen
et al., 2024, 2026; Andriushchenko et al., 2025;
Zhang et al., 2024; Levy et al., 2024; Li et al.,
2025; Mehri and Eskenazi, 2020; Qian et al., 2025).
Nearby surveys cover agent evaluation, multi-turn
interaction, LLM-as-judge methods, holistic eval-
uation, hallucination, and fairness (Mohammadi
et al., 2025; Yehudai et al., 2025; Guan et al., 2026;
Gu et al., 2026; Liang et al., 2023; Ji et al., 2023;
Blodgett et al., 2020). Appendix C compares the
closest ones. These surveys primarily organize the
literature by task, capability, environment, bench-
mark family, or judging method. They do not ask
which consistency relation among actions, observa-
tions, communications, policies, instructions, user
requests, and reasoning traces an evaluation score
actually certifies. What is missing is therefore not
another isolated benchmark, but a measurement
layer that tells us how existing procedural checks
relate, what they cover, and what they miss. Such
a map separates hard integrity failures from quality
degradation and makes coverage gaps explicit.
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This survey provides that map through F∗,
a framework whose nine integrity pairs are de-
rived by systematically pairing the process sub-
components of F∗ and whose three quality dimen-
sions are motivated by service science, so that
coverage gaps become nameable. We screened
3,342 candidate papers through a four-tier pipeline
and manually reviewed 169 procedure-relevant pa-
pers against the framework. The resulting cov-
erage map reveals that procedural checks cluster
narrowly around action compliance, leaving com-
munication grounding, reasoning faithfulness, and
cross-session consistency largely unaudited. These
gaps point to a shared need: agent evaluation must
move from isolated procedure checks to procedural
measurement that makes explicit which consistency
relations among evidence, actions, policies, reason-
ing, and user-facing communication a score actu-
ally certifies. The broader NLP mission is to build
the methods that make such certification possible.

This paper makes three contributions: (i) it syn-
thesizes fragmented agent-evaluation work into the
F∗ framework (Section 2), (ii) it provides a sys-
tematic coverage analysis of what current bench-
marks can and cannot certify (Section 3), and (iii) it
derives four NLP missions for procedure-aware
evaluation: communication grounding, constraint
semantics, reasoning diagnosis, and equitable pro-
cedure (Section 4), turning the coverage analysis
into a concrete research agenda.

2 The F∗ Framework: Integrity Pairs
and Quality Dimensions

This section defines the vocabulary used to map
benchmarks in Section 3. The central distinction
is between a procedure and a trajectory. A trajec-
tory is a sequential log of events: which tools were
called, what messages were sent, and in what order.
A procedure additionally captures the consistency
relations among observations, actions, communi-
cated content, applicable rules, and user requests.
A trajectory can therefore be complete as a log
while still underspecifying whether claims were
grounded, reasoning reflected actual computation,
or the agent served the user’s expressed needs. F∗

formalizes procedure in this sense.
Following prior agent formalizations (Oliehoek

and Amato, 2016; Yao et al., 2025; Cao et al.,
2026a), we represent a complete agent procedure
as

F∗ = ⟨ Λ, (Et, At, Ot, ϕt)
T
t=1 ⟩, (1)

where Λ is the agent instruction set, fixed before
the episode begins. At each step t, Et denotes the
environment state, At the agent’s action, Ot the ob-
servations received, and ϕt the agent’s internal rea-
soning trace (chain-of-thought or scratchpad, pro-
duced before acting but not always observable). Et
anchors outcome evaluation: most existing bench-
marks check whether the final state ET matches
a goal specification. The integrity pairs below
complement rather than replace that check, ask-
ing whether the procedure that produced ET was
itself trustworthy. Actions decompose into three
types: reading (AR

t ), writing or state-changing
(AW

t ), and communicating (AC
t ). Observations

have three sources: system returns such as tool
outputs and database results (Osys

t ), contextual
documents such as policies (Octx

t ), and user utter-
ances (Ousr

t ). Making Λ explicit matters because
instruction-grounded failures are not reducible to
environment state alone. An agent can act out of
scope, leak its prompt, or misrepresent its role with-
out changing the final task outcome.

The nine integrity pairs in Table 1 are de-
rived by systematically pairing the eight process
sub-components of F∗ (excluding E , which an-
chors outcome evaluation) and retaining every pair
whose mismatch constitutes an attributable agent
fault; Appendix B accounts for the excluded cross-
products. The 28 pairs reduce to nine by excluding
four categories: (i) observation–observation pairs
(consistency among inputs is an environment prop-
erty, not an agent fault; e.g., if tool outputs arrive
contradictory, the inconsistency is environmental,
but the agent’s reasoning over those contradictions
is captured by P5: the fault boundary is the agent’s
decision to accept or reject an unsupported premise,
not the input itself), (ii) instruction–input pairs (in-
structions constrain what the agent does, not what
it receives), (iii) generative pairs (a read action
produces its observation; this is causal, not a vio-
lable consistency), and (iv) mediated pairs (user-
to-action fulfillment is already checked through
P9, P4, and P8 rather than independently). Most
pairs operate at the sub-component level (e.g., Osys

vs. AC); P5 and P6 aggregate observation and
action types because the consistency question is
source- or kind-independent. The framework has
two layers. Integrity refers to pairwise consis-
tency checks: whether communicated content is
grounded in observations, claimed actions match
executed actions, reasoning is grounded in evi-
dence and faithfully drives action, instructions and
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Table 1: The nine integrity pairs and three quality di-
mensions of the F∗ framework. Pair names serve as
identifiers in the coverage map (Section 3); the deriva-
tion and exclusion rationale appear in Section 2 and
Appendix B.

# Name Relation Failure detected

P1 Data grounding Osys−AC Fabricated facts
P2 Execution compliance AC−(AR, AW ) Unexecuted claimed ac-

tions
P3 Policy grounding Octx−AC Hallucinated policy
P4 Policy compliance Octx−(AR, AW ) Unauthorized action
P5 Reasoning grounding O−ϕ Fabricated premises
P6 Reasoning compliance ϕ−A Sycophancy, deceptive

alignment
P7 Instruction grounding Λ−AC Role misrepresentation,

prompt leak
P8 Instruction compliance Λ−(AR, AW ) Out-of-scope behavior
P9 User fulfillment Ousr−AC Ignored user intent

Q1 Efficiency (steps, cost, latency)
Q2 Resilience (error recovery, robustness)
Q3 Interaction quality (burden, tone, clarity)

policies are respected, and user requests are ful-
filled. Quality refers to efficiency, resilience, and
interaction quality, motivated by service science
models of operational cost, error recovery, and cus-
tomer effort (Parasuraman et al., 1988). Integrity
gives necessary conditions for procedural trustwor-
thiness; quality asks how well the agent performs
once those conditions are considered.

Table 1 groups these pairs into execution, pol-
icy, reasoning, instruction, and user-fulfillment
categories, alongside three quality dimensions.
Each pair names a relationship between compo-
nent types; the temporal scope of the check (same-
step, cumulative, or trajectory-wide) depends on
the constraint applied. Two notation choices reflect
design decisions. P6 uses A (all action types) be-
cause reasoning should causally drive every output
including communication; P8 uses (AR, AW ) be-
cause the communication-specific instruction check
is already covered by P7. P9 checks user fulfill-
ment through communication (Ousr–AC); whether
the agent also acted on the request is already cov-
ered by P2, P4, and P8. The pairs are analytic
lenses, not claims that real failures map to exactly
one pair. A benchmark may touch multiple rela-
tions, and Section 3 maps partial or artifact-limited
evidence conservatively. The framework is a sys-
tematic organizing map for the surveyed literature,
not a claimed-complete taxonomy. Its contribu-
tions do not depend on the nine pairs being the
only possible decomposition, and hold if pairs are
split, merged, or added. Applicability is risk-tiered:
high-stakes deployments may audit most applicable
pairs, while lower-risk settings (sandboxed games,

story generation) require fewer, because commu-
nication integrity (P1/P2) and instruction leakage
(P7) remain auditable even when policy constraints
(P4) do not apply.

3 What Current Agent Evaluation Covers

Having defined F∗, we next use it as a mapping
instrument to ask what current agent evaluations
can actually certify. We focus on which procedural
artifacts they collect, which integrity and quality
dimensions they score, and which claims remain
unsupported.

3.1 Survey Protocol and Coverage Map

We conducted a systematic scoping review of agent-
evaluation work (full protocol in Appendix D).
Searching ACL Anthology, OpenReview and arXiv
yielded 3,342 unique records. Three successive fil-
ters (procedural-signal keyword screening, ≈1,030;
strict eligibility, 360; AI-assisted rubric screening,
169) produced 169 candidates for full-text manual
review, of which 54 provided enough procedural
evidence to map at least one integrity pair or quality
dimension. The remaining 115 papers (68%) refer-
ence or analyze procedural properties but measure
them only through task outcome. Table 2 maps this
set; papers with no procedural measurement are
excluded rather than shown as blank rows.

Our annotation manual assigns ✓ for explicit
audits, ∼ for partial or indirect evidence, ⋄ for
outcome-based adversarial stress tests, and blanks
when the paper gives no usable evidence; ambigu-
ous cases receive the weaker label. We include ⋄
because these outcome-based tests indirectly check
procedure by asking whether a constraint survives
attack. We count them separately because attack
success rates show whether a constraint failed, not
which procedural mechanism failed. Appendix E
gives the annotation criteria, exclusion principles,
and evaluation-paradigm definitions. For counts,
each paper is counted once per category, ✓ and ∼
form direct coverage, and ⋄ is reported separately.
The coverage map yields three key findings.

3.2 Key Findings

Finding 1: Most reviewed agent-evaluation
work remains outcome-focused or procedurally
under-specified. The first pattern comes from
the filtering procedure itself. Most of the 169 re-
viewed papers did not qualify for Table 2. Many
excluded works, including SWE-bench (Jimenez
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Table 2: Coverage of integrity pairs and quality dimensions across the 54 qualified procedure-aware works. Reviewed
papers with no procedural measurement are excluded rather than shown as blank rows. ✓ = explicit audit; ⋄ =
adversarial resilience (outcome-based); ∼ = partial/indirect; blank = no evidence. Eval: S = single-turn single-step,
MS = multi-step, MT = multi-turn, MS+MT = both. Q1 = Efficiency, Q2 = Resilience, Q3 = Interaction Quality.

Exec. Policy Reason. Instr. User Quality

Work Domain Eval P1 P2 P3 P4 P5 P6 P7 P8 P9 Q1 Q2 Q3

TRACE (deep research) (Chen et al., 2026) Research MS ✓ ✓ ✓
TD-EVAL (Acikgoz et al., 2025) Dialogue MS+MT ✓ ∼
GSAR (Kamelhar, 2026) AIOps MS ✓
Scalable Oversight (Kenton et al., 2024) AI oversight MT ∼ ⋄
Multi-Faceted (Shourya et al., 2026) Dialogue MT ∼ ∼
M3-Bench (Xie et al., 2026) Social MS+MT ✓ ∼ ∼
Process Eval. (Gritta et al., 2026) General MS ∼ ∼
Beyond State Machines (Garigipati et al., 2026) Telecom MS ∼ ∼
GuideBench (Diao et al., 2025) General S ✓
CoPriva (Chang et al., 2025) Security S ✓
ST-WebAgentBench (Levy et al., 2024) Web MS ✓
SOPBench (Li et al., 2025) SOP MS ✓
SOP-Bench (Nandi et al., 2026) SOP MS ✓
Co. Policy Adherence (Zwerdling et al., 2025) Enterprise MS+MT ✓
MANTRA (Anand et al., 2026) Enterprise MS ✓
CCTU (Ye et al., 2026b) Tool use MS ✓
AudAgent (Zheng et al., 2026) Security MS ✓
Near-Miss (Rabinovich et al., 2026) Cust. svc. MS+MT ✓
Solver-Aided (Winston et al., 2026) Cust. svc. MS+MT ✓
Claw-Eval (Ye et al., 2026a) General MS ∼ ✓
TransLaTeX (Lyn and Graham, 2025) Sci. format MS ∼
SOP-Maze (Wang et al., 2026) SOP S ∼
Beyond IVR (Balaji et al., 2026) Cust. svc. MT ∼
FM SO.P (Huang et al., 2026) SOP S ∼
Policy Red-Teaming (Nakash et al., 2025) Safety MS+MT ⋄
ASB (Zhang et al., 2025) General MS ⋄ ⋄
FinVault (Yang et al., 2026) Finance MS ⋄ ⋄
Ariadne (Khanzadeh, 2026) Reasoning S ✓ ✓
TRACE (tool-aug.) (Kim et al., 2025) Tool use MS ✓ ✓ ✓
SeekBench (Shao et al., 2025) Search MS ✓ ✓
A-CC (Waqas et al., 2026) Tool use MS ✓
CoT-Control (Chen et al., 2025a) Reasoning S ∼
AgentIF (Qi et al., 2025) General S ✓ ✓
Agent-SafetyBench (Zhang et al., 2024) Safety MS ∼ ∼
ToolEmu (Ruan et al., 2024) Safety MS ✓
AgentDojo (Debenedetti et al., 2024) General MS ⋄
AgentDyn (Li et al., 2026) General MS ⋄
AgentHarm (Andriushchenko et al., 2025) Safety MS ⋄
CIBER (Ba et al., 2026) Code MS ⋄
τ -bench (Yao et al., 2025) Cust. svc. MS+MT ∼ ✓
τ2-bench (Barres et al., 2025) Cust. svc. MS+MT ∼ ✓
HotelQuEST (Hadad et al., 2026) Hotels MS ✓ ✓ ✓
Mind2Web 2 (Gou et al., 2025) Web MS ✓ ✓
TRAJECT-Bench (He et al., 2025a) Tool use MS ∼ ✓ ✓ ∼
Userbench (Qian et al., 2025) General MS+MT ✓
Vitabench (He et al., 2025b) General MS+MT ✓
COMPASS (Qin et al., 2026) General MS+MT ✓
TRIP-Bench (Shen et al., 2026) General MS+MT ✓
INSURE-Dial (Kulkarni et al., 2026) Healthcare MT ∼
Online-Mind2Web (Xue et al., 2025) Web MS ✓
USR (Mehri and Eskenazi, 2020) Dialogue S ✓
TCQA2 (Chen et al., 2025b) Gaming MT ✓
WikiHowAgent (Pei et al., 2025) Education MT ✓
Interaction Smells (Zhang et al., 2026) Code MT ∼

et al., 2024), WebArena (Zhou et al., 2024), GAIA
(Mialon et al., 2024), TheAgentCompany (Xu
et al., 2025), and ScienceAgentBench (Chen et al.,
2025c), score terminal-state correctness (patch ac-
ceptance, element match, exact answer) rather than
procedural integrity. Such violations are invisible
to outcome scoring when the final state remains
correct, so outcome-focused evaluation cannot dis-
tinguish trustworthy success from corrupt success.

Finding 2: Procedure-aware evaluation re-
mains mostly spot-checking. Within Table 2,
procedure-aware checks are sparse and localized.

We call this pattern spot-checking: each work typ-
ically verifies one local part of F∗ rather than re-
porting across the full set of integrity pairs and
quality dimensions. The non-empty cells cluster
around a few relations: execution checks based
on tool outputs and action traces (P1 has 8 direct
works; P2 has 3) and policy-compliance checks
based on explicit policies or Standard Operating
Procedures (SOPs; P4 has 17 direct works plus 3
adversarial studies). In contrast, reasoning, instruc-
tion, and communication-grounding dimensions
are thinner because they require reasoning traces,
deployment-instruction records, user-need speci-
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fications, or cross-view scoring procedures that
many papers do not report. Quality dimensions
are also rarely integrated with integrity reporting:
Q1 appears in 5 direct works, Q2 in 5 direct plus 1
adversarial study, and Q3 in 6 direct works.

No work in Table 2 checks more than two in-
tegrity pairs even counting partial and adversarial
labels. Without a procedural-space map, these gaps
are not merely unaddressed but unnameable: no vo-
cabulary exists to identify what was never checked.
Cross-pair diagnosis is therefore structurally impos-
sible: a P4 check is insufficient if P3 is unaudited
(the agent may comply with policy in actions but
fabricate it in communication), and detecting a P1
failure is harder without P5 to reveal whether rea-
soning ignored the evidence. The gap here is in
coverage reporting, not coverage extent: a bench-
mark that audits one or two pairs is legitimate if
it declares which pairs it excludes and why. The
problem is that no work in Table 2 makes such a
declaration, so the scope of its procedural claims
remains implicit and cross-benchmark comparison
is impossible.

Finding 3: Communication-grounding checks
lag action-compliance checks. Among these
spot-checks, Table 2 exposes a directional asymme-
try within matched integrity categories: evaluations
more often check what agents do than whether their
communications are grounded. Policy compliance
(P4) is covered by 17 direct works and 3 adversarial
stress tests, whereas policy grounding (P3) is cov-
ered by only 3 direct works. Instruction compliance
(P8) is covered by 4 direct works and 6 adversarial
stress tests, whereas instruction grounding (P7) is
covered by only 2 direct works. A customer-service
agent could correctly block an unauthorized refund
(P4 ✓) while fabricating a nonexistent company
policy as justification (P3 unaudited). A bench-
mark that scores action compliance alone would
miss this communication failure.

3.3 Category Patterns
To unpack these three findings, we now summarize
how each category is currently measured: what
existing works certify, and what remains outside
their scope. Appendix E gives the full annotation
protocol and ambiguous-case decisions.

Execution integrity (P1–P2). Execution in-
tegrity is well represented because P1–P2 checks
can be anchored in runtime artifacts that bench-
marks already generate. For data grounding (P1),

several works cross-check agent outputs against
runtime observations: claim-level Natural Lan-
guage Inference (NLI) entailment against cited evi-
dence (Chen et al., 2026), per-turn database-result
comparison (Acikgoz et al., 2025), and incident-
resolution verification against system telemetry
(Kamelhar, 2026), with partial checks in oversight
and dialogue settings (Kenton et al., 2024; Shourya
et al., 2026). For execution compliance (P2), the
challenge shifts to whether what the agent said it
did matches what it actually did: speech–action
consistency scoring (Xie et al., 2026), compliance
checklists detecting hallucinated tool use (Gritta
et al., 2026), and action-trace matching against pro-
cedural models (Garigipati et al., 2026). These
works share a diagnostic conclusion: step-level ex-
ecution audits surface failures that task-completion
metrics systematically miss. They remain local
checks, however: an agent that grounds every cita-
tion correctly (P1 ✓) may still misrepresent which
policy licensed its actions (P3 unaudited).

Policy integrity (P3–P4). Policy compliance
(P4) is the largest single-pair cluster. The dom-
inant approach is rule-based action compliance:
benchmarks supply explicit constraints and score
whether agent actions satisfy them, either program-
matically (Levy et al., 2024; Li et al., 2025; Nandi
et al., 2026; Lyn and Graham, 2025; Anand et al.,
2026; Ye et al., 2026b; Winston et al., 2026) or
via LLM judges (Zwerdling et al., 2025; Zheng
et al., 2026; Rabinovich et al., 2026). A related
sub-theme tests whether compliance survives ad-
versarial pressure (Nakash et al., 2025; Zhang et al.,
2025; Yang et al., 2026), and several works evalu-
ate compliance indirectly through outcome-based
proxies (Ye et al., 2026a; Wang et al., 2026; Balaji
et al., 2026; Huang et al., 2026). Their shared diag-
nostic value is detecting policy-violating successes
that task-completion metrics reward, such as com-
pleting a booking without verifying required slots
or exporting data without a General Data Protection
Regulation (GDPR) check. These works also differ
substantially in what “policy” means, from short
slot-filling rules (Ye et al., 2026b) through branch-
ing SOPs (Li et al., 2025; Wang et al., 2026) to
lengthy enterprise regulations (Anand et al., 2026;
Zwerdling et al., 2025) (Appendix G). However,
this cluster is almost entirely action-side: P4 has
17 direct works whereas policy grounding (P3) has
only 3 (Chang et al., 2025; Diao et al., 2025; Acik-
goz et al., 2025). This ratio is one concrete instance
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of Finding 3: the field checks what agents do about
policy far more than whether they communicate it
faithfully.

Reasoning integrity (P5–P6). Reasoning in-
tegrity asks whether the agent’s internal reason-
ing is grounded in evidence (P5) and whether it
causally drives the agent’s actions (P6). P5 targets
factual premises asserted as observations or derived
facts, not every entertained proposition: proof by
contradiction, abduction, and forward planning are
compatible with P5 when conjectural status is pre-
served; P5 fires only when an unsupported fact
enters the reasoning as if established. Evidence-
bank methods flag reasoning steps that introduce
unsupported claims (Kim et al., 2025; Shao et al.,
2025). Counterfactual interventions reveal causal
decoupling: agents whose intermediate reasoning
is negated still produce the same answer (Khan-
zadeh, 2026). Assertion-conditioned compliance
shows that false premises can be silently incorpo-
rated while task success remains high (Waqas et al.,
2026). Controllability work finds that reasoning
traces resist manipulation independently of out-
puts, with controllability decreasing further with
longer reasoning and more RL training (Chen et al.,
2025a). These works collectively show that reason-
ing traces can be checked for evidence grounding
and causal faithfulness. Each certifies one local
trace property, however; none audits trajectory-
level reasoning integrity across tools, policies, in-
structions, and user-facing communication.

Instruction integrity (P7–P8). Instruction in-
tegrity asks whether the agent remains faithful to
its deployment instructions (Λ). Two sub-themes
emerge. Direct auditing is rare. AgentIF (Qi
et al., 2025) certifies output and tool-use constraints
against explicit instruction specifications (P7 ✓,
P8 ✓). ToolEmu (Ruan et al., 2024) certifies
safe action compliance in simulated environments
(P8 ✓). Agent-SafetyBench (Zhang et al., 2024)
partially checks both grounding and compliance.
Adversarial resilience testing is more common.
AgentDojo (Debenedetti et al., 2024) and Agent-
Dyn (Li et al., 2026) test whether instruction ad-
herence survives prompt injection embedded in
tool-returned data. AgentHarm (Andriushchenko
et al., 2025) tests whether agents refuse explicitly
malicious user requests and jailbreaks. CIBER
(Ba et al., 2026) tests resilience to prompt injec-
tion, memory poisoning, and backdoor attacks (⋄).
These stress tests reveal whether a constraint can

be broken but do not audit whether the agent faith-
fully represents its instructions during ordinary
operation. This mirrors Finding 3: adversarial
compliance tests (P8 ⋄) outnumber communication-
grounding audits (P7), and routine audits of role,
scope limits, and instruction-derived authority re-
main rare.

User fulfillment (P9). User fulfillment asks
whether the agent satisfied the user’s expressed
needs, not merely the task’s database-state target.
Approaches include LM-simulated users matched
against annotated goal states (Yao et al., 2025; Bar-
res et al., 2025), multi-turn need satisfaction scor-
ing (Qian et al., 2025; Qin et al., 2026; He et al.,
2025b; Shen et al., 2026), combined user-need and
data-grounding audits (Hadad et al., 2026; Gou
et al., 2025; He et al., 2025a), and phase-aware
compliance in healthcare conversations (Kulkarni
et al., 2026). Despite this breadth, user fulfillment
remains coupled to task-level success rather than
measured independently (Finding 2): most bench-
marks lack a standalone user-need specification, so
satisfying the database state can be mistaken for
satisfying the user.

Quality dimensions and cross-session evaluation.
Quality dimensions appear across several works
but remain weakly integrated with integrity report-
ing. Efficiency (Q1) is measured as step count
or latency (Chen et al., 2026; He et al., 2025a;
Xue et al., 2025). Resilience (Q2) tests whether
agents recover from misleading retrieval (Chen
et al., 2026; Shao et al., 2025) or adversarial over-
sight protocols (Kenton et al., 2024). Interaction
quality (Q3) covers naturalness, coherence, peda-
gogic quality, and conversational adequacy (Mehri
and Eskenazi, 2020; Pei et al., 2025; Chen et al.,
2025b; Zhang et al., 2026). As Finding 2 implies,
quality dimensions remain spot-checked in isola-
tion. Cross-session issues such as memory leakage,
commitment drift, and procedural inequity remain
structurally absent because they require repeated
runs, linked sessions, or matched user conditions.

3.4 Reporting Standard for Procedure-Aware
Benchmarks

The coverage gaps above motivate a minimal re-
porting standard. A procedure-aware benchmark
should state (i) its outcome metric, (ii) which in-
tegrity pairs and quality dimensions it audits, and
(iii) which violations invalidate success versus
mark lower-severity degradation. It should also
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state (iv) which trace artifacts are available, (v)
which exclusions remain because a policy, artifact,
or cross-episode design is missing, and (vi) how
automated judges were validated. This does not
prescribe one scoring algorithm. It makes the scope
and severity assumptions of any procedural evalua-
tion claim explicit.

4 New Missions for NLP

Section 3 shows that the central gap is not a lack
of agent benchmarks, but a lack of methods for
evaluating agent procedure. Current evaluations
usually check one view at a time, so the final state
can be correct while the procedure is unsupported,
unauthorized, misleading, or unevenly applied.

Mission 1: What evidence supports agent com-
munication? Finding 3 shows two gaps. First,
evaluations check action compliance more often
than communication grounding: they ask whether
agents follow policies or instructions more often
than whether agents explain evidence, policy, or au-
thority faithfully to users. Second, existing ground-
ing checks (Chen et al., 2026; Acikgoz et al., 2025;
Kamelhar, 2026; Gou et al., 2025; Diao et al., 2025;
Chang et al., 2025; Qi et al., 2025) are mostly lo-
cal: they compare claims to a retrieved passage,
tool output, or database return, but rarely check
whether a user-facing message is supported by the
full procedure across turns, tool calls, action logs,
policies, and instructions. These gaps matter be-
cause agent communication is user-facing: a wrong
price, fabricated policy, or false completion notice
can directly shape a user’s belief and decision. The
missing object is an evidence-backed communica-
tion check: for each agent message, the evaluator
asks which observations, actions, policies, instruc-
tions, or prior turns would make the message true.
A message such as “the price is $200” should be
checked against the latest price returned by the
booking tool, and “the policy requires this” should
be checked against the policy text. This is broader
than standard NLI because evidence may be dis-
tributed across time: a policy check may occur in
one turn, a price lookup in a later tool call, and an
instruction may restrict disclosure. In multi-step
and multi-turn settings, each agent message may
need checking against relevant prior and current ar-
tifacts, not only a single passage or final state. This
check complements user fulfillment: an agent may
satisfy a user’s goal while misleading the user about
price, policy, or what action was taken. Research di-

rection: The core NLP task is multi-premise textual
entailment where premises span tool returns, ac-
tion logs, policies, and prior turns. Three decisions
remain open. (i) What to pair: which user-facing
claims require support and which evidence views
are admissible for each claim type. (ii) How to com-
pare: whether unsupported claims, contradictions,
omissions, and misleading statements require sepa-
rate labels or a severity scale. (iii) How to report:
benchmarks should state which evidence views are
present and which remain unauditable. A concrete
deliverable is a cross-view entailment suite with
time-aligned evidence and claim-level labels.

Mission 2: What constraints bind agent behav-
ior? Two agents can both fail a policy compli-
ance check, yet one leaked user data to an unautho-
rized party while the other escalated to a human
agent unnecessarily. Without a taxonomy of con-
straint types, both count equally as policy viola-
tions. This problem extends beyond policy: short
slot-filling rules (Ye et al., 2026b; Lyn and Graham,
2025), multi-step SOPs with branching logic (Li
et al., 2025; Wang et al., 2026), and lengthy enter-
prise regulations requiring cross-clause interpreta-
tion (Anand et al., 2026; Zwerdling et al., 2025)
are all scored under the same label, yet they de-
mand different checking logic and carry different
severity. Current approaches assume either a sin-
gle correct path or a finite checklist; the former
punishes valid alternatives, the latter invites loop-
hole satisfaction. The core NLP difficulty is that
real policies are written in natural language with
ambiguity, implicit exceptions, and cross-clause de-
pendencies that resist direct formalization. Without
shared constraint semantics, benchmark authors
cannot compare what two evaluations test, prac-
titioners cannot tell which constraints their agent
satisfies, and Mission 1’s grounding audits can-
not determine which constraints a message should
reflect. Research direction: (i) Decomposition:
broad requirements, whether from policies, instruc-
tions, user specifications, or evidence standards,
should be mapped into typed constraints with ex-
plicit priority, exceptions, and whether violation
vetoes success or marks lower-severity degrada-
tion. This connects semantic parsing, legal and
policy NLP, process modeling, and conformance
checking (Van der Aalst, 2016). (ii) Coverage re-
porting: benchmark authors should report which
constraint types their evaluation covers and which
remain untested, and the concrete deliverable is a
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typed constraint schema that makes the kind and
severity of tested rules explicit across benchmarks.

Mission 3: When is reasoning faithful to evi-
dence and action? No benchmark connects ev-
idence grounding, causal faithfulness, and com-
munication into a single reasoning audit. Exist-
ing checks verify that reasoning cites tool evi-
dence (Kim et al., 2025), test whether chain-of-
thought causally drives the answer (Khanzadeh,
2026), show that false premises can be silently
incorporated (Waqas et al., 2026), and find that
traces resist manipulation independently of outputs
(Chen et al., 2025a). Procedural evaluation can
work without reasoning: Missions 1 and 2 check
communication against evidence, policies, and in-
structions without requiring traces. But procedural
diagnosis cannot: reasoning traces let an auditor
distinguish a retrieval error from a faulty inference,
a misapplied policy, or sycophantic accommoda-
tion of a user’s false premise. The missing object is
a procedure-level reasoning-faithfulness audit that
connects evidence, reasoning, action, and commu-
nication into a single chain, closing the evaluation-
to-improvement loop: evaluation detects that some-
thing went wrong; reasoning audits diagnose why.
Research direction: Three levels should be sep-
arated. (i) Evidence grounding: each reasoning
step should be checked against the observations
available at that time, verifying that claims in the
trace are supported by the agent’s actual observa-
tion history. (ii) Reasoning-to-action faithfulness:
causal intervention methods (Khanzadeh, 2026)
test whether the stated rationale supports the ac-
tion taken; process reward models (Lightman et al.,
2024; Xi et al., 2026) provide step-level training
signals but require faithful traces as a precondition.
(iii) Diagnostic attribution: when an earlier mis-
sion detects a failure, trace-based methods should
localize it to retrieval, inference, action selection,
or communication; single-step checks can be au-
tomated, but multi-step diagnosis across tool calls
and reasoning requires LLM-as-judge (Zheng et al.,
2023; Cao et al., 2025) or agent-as-judge (Jeong
et al., 2025) protocols. This connects counterfac-
tual and causal reasoning, process reward model-
ing, and automated procedural judging to a shared
diagnostic target.

Mission 4: Who receives equitable procedure?
The cross-session failures noted in §3 (memory
leakage, commitment drift, and procedural in-
equity) divide into two sub-problems. Cross-run

robustness asks whether the same agent, given the
same input, satisfies the same constraints across
stochastic runs and environmental perturbations;
memory isolation failures that leak information
across sessions and commitment drift that causes
promised exceptions to disappear are examples.
Cross-user fairness asks whether agents apply the
same procedural standards to matched users who
differ only in task-irrelevant attributes (Blodgett
et al., 2020; Cao et al., 2026b). The goal is not
literal procedural identity: communicative adap-
tation (adjusting tone, vocabulary, or framing) is
legitimate as long as it does not change substantive
actions such as verification, escalation, or write-
gating. Outcome parity is insufficient: two users
may receive the same refund while one is asked
for extra verification or bears more conversational
burden (Cao, 2025). This mission depends on the
prior three: Mission 2’s constraint semantics de-
fine which constraints are substantive, Mission 1’s
evidence-backed checks detect when communica-
tion diverges from action, and Mission 3’s reason-
ing audits reveal whether divergent rationales re-
flect genuine deliberation or post-hoc rationaliza-
tion. Research direction: For cross-run robustness,
the concrete task is detecting whether repeated runs
on the same input produce procedurally inconsis-
tent behavior, such as leaking prior-session data or
reneging on commitments. For cross-user fairness,
detection requires three components. (i) Matched
conditions: define what information is held fixed
and which sociolinguistic variation is legitimate to
compare, drawing on dialect modeling and style-
controlled generation. (ii) Divergence points: score
divergence across matched traces on every integrity
pair and quality dimension in F∗, using confor-
mance checking (Van der Aalst, 2016) for struc-
tural differences (an action present for one user
but absent for another) and cross-document en-
tailment for semantic differences (the same action
performed but with divergent content). (iii) Ad-
judication: for each divergence, decide whether
it is harmful, justified, or neutral by extending
causal-fairness admissible-variable criteria (Kil-
bertus et al., 2017) to path-dependent procedural
traces; a minimum adequacy floor should block
equality-by-degradation. A concrete deliverable is
a communication-variation suite shipped alongside
benchmark personas.

Shared measurement layer. These missions re-
quire a common reporting layer rather than another
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single score, as outlined in the reporting norm (§3).
Severity matters because an integrity violation such
as an unauthorized transfer and a quality degrada-
tion such as a verbose explanation should not be
collapsed into one score. Judge validation matters
because many checks will rely on LLM auditors
whose error rates must themselves be measured
(Gu et al., 2026). The broader mission for NLP
is to build methods that can read, compare, and
validate procedures across language, action, policy,
reasoning, and interaction.

5 Conclusion

Agent evaluation is moving from outcome-only
scoring toward procedure-aware checks, but this
transition is incomplete and uncoordinated. This
survey organized fragmented procedure-aware
work through F∗, a map of nine integrity pairs and
three quality dimensions derived by pairing the sub-
components of agent procedure. Mapping the re-
viewed papers against this framework reveals three
patterns: most reviewed benchmarks still score
only terminal state, so corrupt success (procedu-
rally flawed behavior that produces correct-looking
outcomes) remains undetectable; the procedure-
aware works that do exist are spot-checking, with
no benchmark auditing more than two integrity
pairs; and communication grounding lags far be-
hind action compliance. The gaps motivate four
new missions for NLP (§4): grounding agent
communication in procedural evidence, building
constraint semantics for agent behavior, verifying
reasoning-to-evidence faithfulness, and ensuring
consistent and equitable procedure across runs and
communication styles. Realizing this shift requires
shared infrastructure: procedure-complete trace
schemas, severity-aware reporting formats, and cal-
ibrated procedural judges whose error rates are
themselves measured.

Limitations

This survey focuses on unifying fragmented pro-
cedural checks rather than exhaustively catalogu-
ing benchmark details. First, coverage is limited
to English-language publications collected from
ACL Anthology, OpenReview and arXiv; agent-
evaluation work published in other languages or
venues may be missed, and the AI-assisted screen-
ing stage may filter out papers whose procedural
content is not signaled by title or abstract. Second,
we map only what published papers report: de-

ployed systems may implement procedural checks
not described in enough detail to annotate. Third,
several proposed missions (constraint semantics,
comparative procedural fairness) require normative
decisions that no taxonomy can settle; the paper
flags but does not resolve these choices. Finally, the
nine-pair framework is an organizing map for the
surveyed literature, not a ready-to-run benchmark,
scoring pipeline, or complete domain-specific com-
pliance standard. Not every pair applies to every
system; the number of applicable pairs is risk-tiered
and varies by deployment context, from dense cov-
erage in policy-governed settings to sparser cover-
age in sandboxed or adversarial-only evaluations.
Future work may refine it for richer agent architec-
tures and modalities.

Disclosure of Generative AI. Generative AI
tools were used to assist with grammar correction
and proofreading. The authors take full responsi-
bility for the content and integrity of the submitted
work.
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A Connections to Adjacent Disciplines

Procedure-aware evaluation is not a new problem
outside NLP. Three adjacent disciplines have stud-
ied it for decades, and each offers methods that the
agent evaluation community has not fully absorbed.

Business Process Management (BPM). BPM
studies conformance between execution traces and
normative process models (Van der Aalst, 2016).
Conformance checking algorithms (Rozinat and
van der Aalst, 2008) take a process model and an
event log and return a fitness score quantifying how
well the log reproduces the model. The analogy
to agent evaluation is direct: the process model
corresponds to a policy or SOP, the event log corre-
sponds to the agent’s action trace, and fitness corre-
sponds to policy compliance (P4). Constraint types
derivable from Declare templates, such as exis-
tence, ordering, mutual exclusion, and response de-
pendencies, further show how process rules can be
made machine-checkable for agent settings (Maggi
et al., 2011). What BPM adds is a mature algorith-
mic toolkit (token replay, alignment-based confor-
mance, precision and generalization metrics) that
NLP has not adopted. A key limitation is that BPM
conformance operates on discrete action sequences
and does not handle natural-language communica-
tion auditing (P3, P7, P9), which is where NLP
methods are essential.

Service Science. Service Science studies qual-
ity beyond outcome correctness. The SERVQUAL
model (Parasuraman et al., 1988) decomposes ser-
vice quality into five dimensions (tangibles, reliabil-
ity, responsiveness, assurance, and empathy) mea-
sured as gaps between customer expectations and
perceived performance. For agent evaluation, these
frameworks motivate measuring interaction burden
(Q3) and user fulfillment (P9) as first-class targets
rather than afterthoughts. They also suggest that
agent benchmarks should include user-expectation
specifications alongside task specifications.

Procedural Justice. Procedural Justice research
demonstrates that people evaluate fairness based
on how a decision was reached, not only on what
the decision was (Tyler, 2003). Factors such as
voice (being heard), consistency (same rules for
everyone), and transparency (understanding the ra-
tionale) determine perceived fairness independently
of outcome favorability. For agents, this implies
that procedural evaluation should eventually test
whether agents apply the same verification stan-
dards across users, explain decisions transparently,
and allow meaningful user input, concerns that map
directly to our cross-session fairness mission.

These traditions converge on the same princi-
ple: outcomes are insufficient evidence for process
quality. The agent era brings NLP to that same
conclusion, but now in a form that requires uni-
fied evaluation methodology. Such a methodology
should combine BPM’s trace-level auditing, Ser-
vice Science’s interaction-burden measures, and
Procedural Justice’s fairness criteria with NLP’s
ability to audit natural-language communication.
Together, these traditions also support the reporting
standard above: benchmark papers should disclose
not only scores, but the procedural evidence and
coverage assumptions behind those scores.

B Pair Enumeration: Retained and
Excluded Cross-Products

The F∗ equation includes Et (environment state),
but E anchors outcome evaluation (§2): mis-
matches between E and any other component are ei-
ther infrastructure failures (the environment returns
incorrect observations) or outcome-evaluation tar-
gets (ET does not match the goal), not agent proce-
dural faults. The integrity pairs therefore enumer-
ate over the eight process sub-components: Λ, AR,
AW , AC , Osys, Octx, Ousr, and ϕ (28 unordered
pairs). Table 1 retains nine integrity pairs covering
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16 of these raw pairs; some aggregate related sub-
components (P5 uses O for all observation types;
P6 uses A for all action types) because the con-
sistency question is the same regardless of source
or action kind. The remaining 12 cross-products
are excluded because they fall into four categories
that do not yield independent, agent-attributable
consistency checks.
• Observation–observation pairs (Osys–Octx,
Osys–Ousr, Octx–Ousr): Consistency among
the inputs the agent receives is a task-design or
infrastructure property, not an agent-level fault.

• Instruction–input pairs (Λ–Osys, Λ–Octx, Λ–
Ousr, Λ–ϕ): Instructions constrain what the
agent does, not what it receives or thinks. Λ–ϕ
is not independently checkable: any instruction-
violating reasoning that matters will surface as
an action that violates instructions (P7 or P8)
or a reasoning trace that fails to drive its own
conclusion (P6).

• Generative pairs (Osys–AR, Osys–AW ): AR

produces Osys (a read action returns an obser-
vation); this is a causal relationship, not a con-
sistency check the agent can violate. Osys–AW

is similarly generative: a write action changes
state, and subsequent observations reflect the new
state.

• Mediated pairs (Ousr–AR, Ousr–AW , AR–
AW ): Whether the agent’s reads and writes ful-
fill the user’s request is mediated: user fulfill-
ment is checked through communication (P9),
and whether specific reads or writes were appro-
priate is checked through policy and instruction
compliance (P4, P8). Cross-action sequencing
(e.g., reading the right record before writing) is
captured by Order and Conditional constraints
on P4 and P8, not by an independent pair.
This enumeration does not claim that the nine

pairs are the only possible decomposition; a finer-
grained formalization could split aggregated pairs
or introduce environment-level checks. The claim
is that every process-level cross-product is ac-
counted for: each is either retained as an integrity
pair or excluded for a stated reason.

C Justification for the Prior-Survey Gap
Table

We apply a conservative annotation rule to Table 3.
A ✓ means the cited work treats the column as a
central organizing goal; ∼ means it offers adjacent
or partial coverage; – means the feature is not a

Table 3: Gap table relative to nearby surveys and evalu-
ation frameworks. Columns correspond to this paper’s
claimed structural contributions; symbols mark empha-
sis rather than overall value. ✓ = central focus; ∼ =
partial or adjacent coverage; – = not a primary focus.

Survey Agentic Proc.-centric Integ. tax. Qual. tax. Cov. matrix

KDD agent
eval.
(Mohammadi
et al., 2025)

✓ ∼ – ∼ –

ACL agent
eval. (Yehudai
et al., 2025)

✓ ∼ – ∼ –

Multi-turn
agents (Guan
et al., 2026)

✓ ∼ – ∼ –

LLM-as-judge
(Gu et al.,
2026)

∼ – – – –

Holistic LM
eval. (Liang
et al., 2023)

– – – ∼ ∼

This survey ✓ ✓ ✓ ✓ ✓
Columns: Proc.-centric = procedure as the central unit of
analysis; Integ. tax. = taxonomy of hard consistency pairs

(P1–P9); Qual. tax. = taxonomy of quality dimensions
(Q1–Q3), explicitly separated from integrity; Cov. matrix =

systematic paper × dimension annotation.

primary focus. We verified each row against the
corresponding survey paper.

KDD agent evaluation survey (Mohammadi
et al., 2025). ✓ Agentic: the survey is explicitly
about evaluation and benchmarking of LLM agents.
∼ Proc.-centric: its evaluation-process axis cov-
ers interaction modes, datasets, benchmarks, metric
computation, and enterprise issues such as dynamic
and long-horizon interactions, but it does not orga-
nize the field around procedure as the central unit
of analysis. – Integ. tax.: its two-dimensional tax-
onomy separates evaluation objectives from eval-
uation processes rather than isolating hard consis-
tency pairs. ∼ Qual. tax.: it discusses metrics such
as efficiency, cost, and robustness, but does not
separate them as a distinct layer from correctness.
– Cov. matrix: it organizes agent-evaluation work
into topical categories but does not produce a sys-
tematic paper × dimension annotation.

ACL agent evaluation survey (Yehudai et al.,
2025). ✓ Agentic: the survey defines LLM agents
as systems that plan, reason, use tools, and interact
with dynamic environments. ∼ Proc.-centric: it dis-
cusses static versus dynamic environments, offline
traces, trajectory-based assessment, and reference-
based trajectory alignment, but treats these as one
part of the broader benchmark landscape rather
than as the central unit of analysis. – Integ. tax.:
its five perspectives; agent capabilities, applica-
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tion benchmarks, generalist agents, benchmark di-
mensions, and developer frameworks/tools; do not
distinguish integrity relations. ∼ Qual. tax.: it
discusses cost-efficiency, safety, and robustness as
evaluation dimensions but does not separate them
from correctness as a distinct quality layer. – Cov.
matrix: it analyzes benchmark dimensions and
trends but does not map individual papers against a
fixed set of procedural dimensions.

Multi-turn conversational-agent survey (Guan
et al., 2026). ✓ Agentic: the survey studies LLM-
based agents for multi-turn conversations, includ-
ing tool use, memory, and planning. ∼ Proc.-
centric: it emphasizes multi-turn dynamics, er-
ror propagation, context retention, and planning
processes, but does not require full procedure-
complete action–communication traces. – Integ.
tax.: its categories include task completion, mem-
ory, and planning consistency, which are capabil-
ity and performance dimensions rather than hard
consistency relations between actions, communi-
cations, and instructions. ∼ Qual. tax.: it covers
response quality, user experience, and evaluation
methodology, which are adjacent to quality dimen-
sions but not separated as a distinct layer from
integrity. – Cov. matrix: it synthesizes evaluation
goals, methods, datasets, and metrics across nearly
250 sources but does not produce a paper × dimen-
sion annotation.

LLM-as-judge survey (Gu et al., 2026). ∼
Agentic: the survey defines LLM-as-a-judge
broadly enough to evaluate data, models, actions,
decisions, and agents, but its primary object is the
judging methodology. – Proc.-centric: reliabil-
ity, bias, prompt design, and benchmark construc-
tion for judges are central, whereas procedure-level
agent analysis is not. – Integ. tax.: the organizing
taxonomy concerns judge reliability and bias rather
than procedural integrity pairs. – Qual. tax.: judge
quality (consistency, correlation with humans) is
discussed, but not as a quality taxonomy for agent
procedures. – Cov. matrix: it does not map agent-
evaluation papers against procedural dimensions.

HELM (Liang et al., 2023). – Agentic and Proc.-
centric: HELM evaluates language models un-
der standardized scenarios and metrics, not au-
tonomous agents or procedure-level analysis. – In-
teg. tax.: it does not model procedural integrity
pairs. ∼ Qual. tax.: HELM centrally argues for
multi-metric evaluation across accuracy, calibra-

tion, robustness, fairness, bias, toxicity, and effi-
ciency; this is adjacent to our quality layer but not
separated from correctness as a distinct dimension.
∼ Cov. matrix: HELM taxonomizes scenarios and
metrics and reports what is missing or underrep-
resented, but the coverage unit is model-scenario-
metric rather than surveyed paper versus procedural
dimension.

D Search Protocol

We provide the full details of each pipeline stage
below. Table 4 summarizes the Preferred Reporting
Items for Systematic Reviews and Meta-Analyses
(PRISMA)-aligned flow.

Table 4: PRISMA-aligned search and screening flow.

Stage Description n

Identification 3 databases (2020–2026) 3,392
Deduplication Fuzzy title matching 3,342
Tier 2 Procedural keyword screening ≈1,030
Tier 3 Strict eligibility filters 360
Tier 4 AI-assisted rubric screening 169
Manual review Full-text reading of all 169 169

Tier 1: Identification and deduplication. Three
databases were searched for papers published Jan-
uary 2020–April 2026. ACL Anthology: the full col-
lection (>50k papers) was scanned via title/abstract
regex using the acl-anthology Python package.
arXiv: keyword queries across categories cs.CL,
cs.AI, cs.SE, cs.CR, cs.LG, cs.MA, cs.HC, and
cs.IR, covering eight query axes: six aligned to
the F∗ procedural sub-groups used in Tier 2 be-
low (execution, reasoning, instruction, policy, user
fulfillment, quality) plus two breadth axes (core
agent evaluation and adjacent procedural work) to
ensure recall. OpenReview: venue-year pagina-
tion for ICLR 2022–2026, NeurIPS 2021–2024,
ICML 2023–2024, and COLM 2024. The search
used two keyword axes: A = {agent terms ∧ eval-
uation terms}. Agent terms include agent(s/ic),
tool-use/call, function call*, trajectory/ies, multi-
step/turn, autonomous, and action space. Eval-
uation terms include benchmark, evaluat*, met-
ric(s), assess*, audit*, scoring, leaderboard, test
suite/bed/bench, diagnos*, verif*, monitor*, and
oversight. Fuzzy title deduplication (Levenshtein
token-sort ratio ≥ 82) reduced 3,392 records to
3,342 unique candidates.

Tier 2: Procedural keyword screening. Each
candidate’s title and abstract were screened against
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six procedural-signal sub-groups aligned to the F∗

framework:
• Pexec (P1–P2): tool-call correctness, trajectory

evaluation, execution trace, action grounding,
step-level metrics.

• Preason (P5–P6): reasoning compliance, chain-of-
thought evaluation, rationale verification, process
reward, agent hallucination detection.

• Pinstr (P7–P8): instruction following, prompt
injection, jailbreak, agent safety/security, red-
teaming, deployment instructions.

• Ppolicy (P3–P4): policy compli-
ance/adherence/violation, SOP, guideline
following, rule following, constraint satisfaction,
conformance, procedural integrity.

• Puser (P9): user satisfaction, multi-turn evalua-
tion, dialogue/conversational evaluation, interac-
tion quality.

• Pquality (Q1–Q3): efficiency, resilience, error re-
covery, robustness, scalable oversight, LLM-as-
judge.

To control false positives from generic terms (ro-
bustness, hallucination, efficiency), we applied
tiered confidence scoring. Specific groups (Pexec,
Pinstr, Ppolicy, Puser) qualified a paper at any
match. Generic groups (Pquality, Preason) required
co-occurrence with an agent-procedural context
signal, such as multi-step, tool-call, or trajectory
evaluation. Negative exclusion lists removed non-
procedural uses, such as knowledge grounding, vi-
sual grounding, faithful summarization, distribu-
tionally robust, parameter efficient, and medical
hallucination. This yielded approximately 1,030
high-confidence procedurally relevant papers.

Tier 3: Strict eligibility filters. Three filters
were applied sequentially.

(i) Six-level procedure-aware classifier. Each
candidate was classified into one of six priority-
ordered levels: L1 (trajectory/execution evalua-
tion), L2 (multi-turn/dialogue evaluation), L3 (pro-
cess/reasoning evaluation), L4 (safety/compliance
evaluation), L5 (outcome-only evaluation), or L6
(system/framework paper). Each level used spe-
cific, moderate, and excluded keyword sets with
confidence flags. Only L1–L4 papers were retained
as procedure-aware.

(ii) Evaluation-focus filter. Papers were required
to have evaluation-signal keywords in the title
or ≥2 evaluation terms in the abstract, removing
agent-system papers that incidentally mention eval-
uation.

(iii) Targeted false-positive removal. Five FP
patterns were applied: (FP1) PRM-as-training: pa-
pers using process reward models for RL train-
ing without proposing an evaluation contribution.
(FP2) pure method papers: system proposals with-
out evaluation keywords in the title. (FP3) dialogue-
system builders: papers proposing dialogue agents
without evaluation. (FP4) math PRMs: process
reward models for mathematical reasoning with-
out agent context. (FP5) generic NLP: tabu-
lar/sentiment/NER/translation papers without agent
signals. A second pass removed method pa-
pers without evaluation or safety/agent title sig-
nals, irrelevant-domain papers (personality, speech
recognition, medical summarization), and pure at-
tack papers without evaluation methodology. This
reduced the pool to 360 strictly eligible candidates.

Tier 4: AI-assisted rubric screening. Each pa-
per’s title and abstract were scored against a struc-
tured rubric with 10 inclusion and 8 exclusion cri-
teria aligned to the F∗ framework:

Inclusion criteria (INCLUDE if any are met):
(I1) benchmark/dataset scoring agent trajectories
or step correctness. (I2) tool-use correctness eval-
uation. (I3) reasoning compliance/integrity eval-
uation. (I4) policy/SOP compliance evaluation.
(I5) instruction adherence evaluation. (I6) user
fulfillment evaluation across turns. (I7) multi-
turn dialogue quality with process-level metrics.
(I8) process-level metric or judge for agent be-
havior. (I9) agent safety/security via procedural
violation testing. (I10) efficiency, resilience, or
robustness of agent procedures.

Exclusion criteria (EXCLUDE if any are met):
(E1) proposes agent system without evaluation con-
tribution. (E2) outcome-only evaluation. (E3) non-
agentic LLM. (E4) training/optimization only.
(E5) outcome-level safety judging. (E6) domain-
irrelevant. (E7) pure attack paper without evalu-
ation methodology. (E8) general survey without
evaluation analysis.

Each paper received an INCLUDE, EXCLUDE,
or BORDERLINE decision. This produced 169
included papers plus 15 borderline cases for manual
review. All 169 papers (plus borderline cases and
citation-chained additions) were then read in full
text.

Notable exclusions. Several prominent agent
benchmarks were reviewed in full text but excluded
from Table 2 because their evaluation pipelines
score only final outcomes without auditing any
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procedural dimension. Outcome-only benchmarks
such as SWE-bench (Jimenez et al., 2024), We-
bArena (Zhou et al., 2024), Mind2Web (Deng
et al., 2023), GAIA (Mialon et al., 2024), Assistant-
Bench (Yoran et al., 2024), TheAgentCompany (Xu
et al., 2025), and ScienceAgentBench (Chen et al.,
2025c) judge success by final-state correctness.
Their criteria include patch acceptance, element
match, or exact answer, without tracing how the
agent arrived at that state. Component-level bench-
marks such as SciCode (Tian et al., 2024) and
CORE-Bench (Siegel et al., 2024) test isolated
code-generation or reproduction steps but do not
evaluate multi-step procedural integrity. Safety
benchmarks without procedural auditing such as
CoSafe (Yu et al., 2024) measure whether harm-
ful content appears in the output but do not trace
whether a specific policy document was consulted
or followed step by step. Finally, dialogue-level
metrics such as SGD (Rastogi et al., 2020) evaluate
slot-filling accuracy across turns without checking
whether the agent’s communicated commitments
matched its executed actions. These exclusions
illustrate that outcome-level success, even on com-
plex agentic tasks, does not entail procedural cov-
erage under our annotation rule.

Qualitative error analysis of excluded papers.
To verify that the 115 excluded papers do not re-
veal procedural signals outside F∗, we examined
representative papers from each exclusion pattern
and grouped them into three recurring categories.
• Terminal-state benchmarks (e.g., SWE-bench,

WebArena, GAIA, TheAgentCompany): proce-
dure is discussed motivationally but never scored.
The evaluation pipeline checks whether the final
state matches a specification (patch passes tests,
element matches target, answer equals gold), so
any procedural violation that produces a correct-
looking outcome is invisible to the metric.

• Attack-outcome safety tests (e.g., CoSafe, R-
Judge): these score whether a multi-turn attack
succeeded (harmful content produced or not), i.e.,
an outcome-level safety judgment rather than
a diagnosis of which procedural relation (pol-
icy grounding, instruction compliance, reasoning
faithfulness) failed during the attack.

• Gold-label planning checks (e.g., ToolBench
action-matching, API-Bank parameter scoring):
predicted tool calls or parameters are compared
to a ground-truth label. This tests planning ca-
pability (can the model produce the right call?)

rather than runtime consistency (did the agent’s
communication match what actually happened at
execution time?), which is the focus of P1 and
P2.

In each case, the exclusion reflects a measurement
choice (procedure not scored) rather than a proce-
dural signal that F∗ cannot name. All 169 reviewed
papers, including the 115 excluded from Table 2,
were classifiable within F∗’s categories; the frame-
work could name the procedural property discussed
even when the paper did not score it.

E Annotation Protocol for the Coverage
Matrix

We apply a conservative paper-level annotation pro-
tocol to Table 2. The goal is not to judge bench-
mark quality, but to identify which procedural di-
mensions are clearly supported by each paper’s
stated tasks, artifacts, metrics, and scoring pipeline.
The search and screening pipeline that produced
the 169 manually reviewed papers is detailed in
Appendix D.

Annotator process. Three annotators performed
the full-text review. The annotation rubric was iter-
atively refined over three rounds: an initial binary
(procedural/non-procedural) scheme was replaced
by the three-level direct/partial/adversarial scheme
(✓/∼/⋄) after the first calibration round revealed
that binary labels conflated explicit audits with
indirect evidence. Disagreements were resolved
through discussion under the final protocol. The
final protocol was then applied uniformly to all 169
papers, ensuring that labels reflect the converged
criteria rather than earlier rubric versions.

Annotation decision rule. Assigning a symbol
requires answering a precise question: does the
paper’s evaluation pipeline contain a scored metric,
judge, rubric, programmatic assertion, or reported
qualitative analysis that directly audits the integrity
pair or quality dimension in question? We code
only what is reported in the paper. The evidence
may come from systematic metrics, rubric-based
judges, programmatic checks, manual error tax-
onomies, failure breakdowns, or case-study anal-
yses. It cannot come from capabilities that the
system may have implemented without describing
them.

Cell labels. A ✓ means the paper explicitly au-
dits the relevant integrity pair or quality dimension
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with a dedicated, scored metric, judge, rule, or an-
notation procedure whose primary purpose is to
audit that dimension. For example, a document-
grounding score that checks whether a summary
reflects retrieved documents counts for P1. A rule-
level pass/fail judge that checks whether a response
violates specified guidelines counts for P3. A ∼
means the paper provides partial or indirect evi-
dence: it touches the pair through an incidental
or adjacent mechanism rather than a dedicated au-
dit. For example, outcome-based policy rewards
touch P4 without tracing whether the policy was
followed step by step. Reference-trajectory match-
ing touches P2 without checking whether verbal
claims matched actual actions. A ⋄ means the pa-
per tests adversarial or outcome-based resilience
related to the pair, such as whether instruction fol-
lowing or policy adherence survives attack. It does
not directly audit the procedural mechanism of fail-
ure during ordinary successful execution. A blank
cell means that we found no usable evidence that
the paper evaluates that dimension under our anno-
tation rule.

Exclusion principles. We exclude several com-
mon patterns that resemble procedural audits but
do not meet the annotation rule. First, post-hoc
analytical findings do not count unless an agent
receives a score for the dimension. Observing that
shorter trajectories correlate with success is not
an efficiency metric. Second, incidental outcome
entailment does not count as a direct audit. If an
outcome metric would miss a procedural violation
whenever the final state remains correct, the pair is
not directly covered. Third, agent-side policies or
constraints do not count unless the evaluator checks
them. A system prompt that forbids fabrication is
not a P3 audit if the scorer only checks final-answer
correctness. Fourth, rubric-based outcome evalu-
ation is not automatically user-fulfillment track-
ing. For P9, the evaluation must trace alignment
between user utterances and subsequent agent be-
havior, not merely verify that requirements were
eventually satisfied. Fifth, task-correctness checks
are not runtime consistency audits. Comparing
predicted tool calls or parameters against gold la-
bels tests planning capability, whereas P1 and P2
require runtime signals comparing communicated
claims to observed tool outputs or executed ac-
tions. Sixth, evaluation-protocol properties such as
pass@k or inter-annotator agreement describe the
measurement instrument, not the agent’s procedu-

ral quality. Seventh, aggregate gaps between inde-
pendently scored views, such as reasoning quality
versus communication quality, do not count as in-
tegrity audits unless the evaluator cross-checks spe-
cific claims, commitments, or conclusions across
views at the content level.

Evaluation paradigm. The Eval column records
the scope of the evaluation setting. S denotes single-
response benchmarks where the model receives
one prompt and produces one response, without a
multi-step procedure. MS denotes multi-step agen-
tic trajectories triggered by a single user instruc-
tion, typically involving tool calls or environment
interactions. MT denotes multi-turn user–agent
conversation without tool-based actions. MS+MT
denotes benchmarks that combine both multi-turn
conversation and multi-step tool or environment ac-
tions. This distinction contextualizes the coverage
claims. Procedural integrity is most meaningful,
and hardest to audit, when actions unfold over time
and must remain consistent across steps.

Counting rules. For the category counts in §3,
a paper is counted once per category even if it
covers multiple cells within that category. Direct
coverage combines ✓ and ∼, while ⋄ is reported
separately because adversarial success or failure
does not necessarily imply direct procedure audit-
ing. The statement that no benchmark explicitly
audits more than two integrity pairs counts only ✓
cells; this maximum remains two even when ✓, ∼,
and ⋄ labels are counted together.

Ambiguous cases. When a benchmark reports
task success under a policy but does not inspect the
trajectory, we code policy compliance as ∼ rather
than ✓. When a benchmark attacks an agent with
prompt injection or harmful requests and scores
whether the final outcome is safe, we use ⋄ for the
relevant instruction or policy dimension. We use a
stronger label only if the scoring pipeline directly
checks the action–instruction or action–policy re-
lation. When a dialogue benchmark scores overall
response quality without a user-need specification,
we code interaction quality when appropriate. We
do not code user fulfillment unless the user’s ex-
pressed request is independently checked. When
a paper logs tool calls but scores only final state,
we do not infer execution compliance unless the
communicated claim or action trace is compared to
the logged action or observation.
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Per-paper audit principle. Each row in Table 2
was coded by matching the paper’s stated evalua-
tion target to the closest integrity pair or quality
dimension in Table 1. If multiple interpretations
were possible, we assigned the weaker label. This
conservative rule is why several agent benchmarks
with rich trajectories still have sparse cells: trace
availability alone is not counted as coverage unless
the paper uses the trace in evaluation.

F Per-Paper Justifications

This appendix provides per-paper justifications for
every non-empty cell in Table 2, explaining both
why each checked pair is assigned and why plausi-
ble but ultimately unsupported pairs are excluded.
Each subsection also lists excluded pairs; these fol-
low a default pattern (most papers do not model all
F∗ sub-components), so we include them primar-
ily to document non-obvious exclusion decisions
where a reader might expect coverage.

F.1 TRACE (Deep Research)
TRACE (Chen et al., 2026) introduces a Hierar-
chical Trajectory Utility Function and diagnostic
tools for Deep Research Agents, measuring Evi-
dence Grounding, Process Efficiency, Reasoning
Robustness, and cross-run Strategic Profiling.

P1 (Data Grounding): ✓. Evidence Ground-
ing (GE) decomposes the agent’s final answer into
atomic claims and checks NLI entailment against
cited evidence, directly auditing whether communi-
cated content is grounded in retrieved observations
(Osys–AC).

Q1 (Efficiency): ✓. Process Efficiency (E) quan-
tifies exploration parsimony via a trajectory cost
functional with a Redundant Exploration Penalty
and Marginal Information Gain; a direct measure
of trajectory efficiency.

Q2 (Resilience): ✓. Reasoning Robustness (RR)
measures recovery latency from “information traps”
(misleading but plausible information) as a dedi-
cated, mathematically formalized scored metric for
self-correction capability.

Excluded pairs. TRACE does not model domain
policy documents (Octx), agent instructions (Λ),
user intent (Ousr), or internal reasoning traces
(ϕt), and does not check whether claimed actions
were actually executed (P2). Latent Capability and
Strategic Profiling are cross-procedure diagnostics
rather than per-session integrity pairs.

F.2 TD-EVAL

TD-EVAL (Acikgoz et al., 2025) introduces three
turn-level metrics for task-oriented dialogue (con-
versation cohesion, backend knowledge consis-
tency, and policy compliance) scored on a 1–5
Likert scale by an LLM judge.

P1 (Data Grounding): ✓. “Backend knowledge
consistency” checks each agent response against
the runtime database results the agent actually re-
ceived at that turn (e.g., flagging an agent that says
“I found a restaurant” when the DB returned zero
results). The LLM judge is provided the actual
DB output, making this a runtime Osys–AC audit
rather than a gold-label comparison.

P3 (Policy Grounding): ∼. “Policy compliance”
checks whether the agent’s responses adhere to
domain-specific policy protocols (e.g., “request re-
quired slots before booking”). The agent receives
the same policy instructions that the evaluator uses,
making this a genuine cross-check of policy con-
tent against agent communication. However, the
policies are lightweight conversational-flow rules
rather than detailed multi-step procedural protocols
with inter-step dependencies; we therefore assign
∼ rather than ✓.

Excluded pairs. “Conversation cohesion” is a
general coherence rubric, not user-fulfillment track-
ing (Exclusion 4: P9 requires tracing user utter-
ances to agent actions, not just on-topic coherence).
No execution compliance (P2), reasoning traces
(P5/P6), or system instructions (P7/P8) are mod-
eled.

F.3 Process Evaluation for Agentic Systems

Process Evaluation (Gritta et al., 2026) is a position
paper introducing a compliance-checklist method-
ology for auditing agent procedures on GAIA-style
research tasks, scored by an LLM judge with full
trajectory access.

P2 (Execution Compliance): ∼. The paper doc-
uments cases where agents “hallucinate tool use”
(e.g., o3-mini simulating a code interpreter), which
is conceptually a P2 violation. However, the
compliance checklist measures this as a protocol-
adherence check (“did the agent use a code inter-
preter?”) rather than a cross-check between the
agent’s verbal claims and its actual tool-call log.
We assign ∼ because the hallucination-detection
concept is adjacent to P2 but the scoring mecha-
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nism does not perform a dedicated communication–
action cross-check.

P8 (Instruction Compliance): ∼. The compli-
ance checklist specifies behavioural norms such
as “use a code interpreter for calculations,” which
resemble deployment-level instructions (Λ). How-
ever, Λ in F∗ is a static, task-independent deploy-
ment configuration that the agent receives, whereas
the paper’s “recommended protocol” is a per-task
evaluator-side rubric that the agent never sees. We
assign ∼ because the tool-use norm questions are
adjacent to instruction compliance but the mech-
anism does not separate deployment instructions
from task-specific procedure steps (Exclusion 5).

Excluded pairs. P1 is not assigned because
checklist questions verify whether the agent ob-
tained information from the correct source (a
protocol-adherence check), not whether the agent’s
communicated content faithfully reflects what the
tool returned (the core Osys–AC relationship).
No policy documents (P3/P4), reasoning traces
(P5/P6), instruction grounding (P7), user fulfill-
ment (P9), or quality dimensions (Q1–Q3) are mod-
eled.

F.4 GSAR
GSAR (Kamelhar, 2026) introduces a four-way
claim partition (grounded, ungrounded, contra-
dicted, complementary) and evidence-type-specific
weights for grounding evaluation in multi-agent
diagnostic systems.

P1 (Data Grounding): ✓. The groundedness
score checks whether each claim in a special-
ist agent’s diagnostic report is supported by tool-
observed evidence, directly measuring Osys–AC .
Evidence-type weighting assigns higher epistemic
strength to tool-verified observations than to model-
inferred conclusions. The three-tier recovery loop
(proceed/regenerate/replan) is agent-side infrastruc-
ture (Exclusion 3), but the groundedness score it-
self is evaluator-side.

Excluded pairs. The framework does not expose
internal reasoning traces (P5/P6), does not model Λ
(P7/P8), does not check policy documents (P3/P4),
and does not audit user fulfillment (P9). No quality
dimensions (Q1–Q3) are measured.

F.5 TRACE (Tool-Augmented Agents)
TRACE (Kim et al., 2025) evaluates reasoning tra-
jectories of tool-augmented agents without requir-

ing a single gold trajectory, building an evidence
bank from prior tool calls and scoring along three
axes: efficiency, hallucination, and adaptivity.

P5 (Reasoning Grounding): ✓. The hallucina-
tion metric checks at each step whether the agent’s
current thought is grounded in the accumulated
evidence bank built from prior tool outputs. This
directly measures reasoning grounding: the bench-
mark flags thoughts that introduce unsupported fac-
tual claims or contradictions not derivable from
observations already collected.

Q1 (Efficiency): ✓. TRACE explicitly measures
trajectory efficiency by identifying the minimal ev-
idence subset needed to derive the final answer and
treating the remainder as unnecessary exploration.
This is a direct measure of procedural parsimony.

Q2 (Resilience): ✓. The adaptivity metric evalu-
ates whether an agent recovers after an unavailable-
tool failure by acknowledging the failure and choos-
ing a sensible alternative strategy, rather than re-
peating the same call or stalling.

Excluded pairs. TRACE does not evaluate
communicated-content grounding (P1), claimed-
action execution (P2), policy conformance (P3/P4),
causal control from reasoning to action (P6), in-
struction following (P7/P8), or user fulfillment (P9).
Q3 (Interaction Quality) is not addressed.

F.6 A-CC

Assertion-Conditioned Compliance (A-CC)
(Waqas et al., 2026) evaluates sycophantic compli-
ance in multi-turn function-calling dialogues. Built
on the Berkeley Function-Calling Leaderboard
v3, it injects misleading assertions from two
sources: user-sourced assertions (USAs) and
function-sourced assertions (FSAs). It then
measures whether agents incorporate them into
their tool-calling pipelines.

P6 (Reasoning Compliance): ✓. A-CC directly
tests whether the agent’s reasoning process re-
jects false premises or blindly complies with them.
USAs simulate sycophancy where the agent fol-
lows plausible but misinformed user beliefs rather
than grounding its actions in tool documentation
and prior execution history. FSAs inject contra-
dictory “system policy notes” into tool response
payloads, testing whether agents treat them as au-
thoritative despite contradicting function documen-
tation. The paper explicitly distinguishes this from
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prompt injection: “A-CC demonstrates contextual
trust: the agent maintains its helpful objective but
fails to verify false premises against the tool his-
tory.” This is a P6 violation where reasoning should
reject the false premise but actions comply. A key
finding is that compliance and task success form
distinct axes: “quiet” compliance (the agent com-
plies but still succeeds) coexists with strong bench-
mark performance, representing latent procedural
risk invisible to outcome metrics.

Excluded pairs. A-CC does not model do-
main policy documents (P3/P4), agent instructions
(P7/P8), or internal reasoning traces directly (P5),
and does not evaluate data grounding (P1), execu-
tion compliance (P2), or user fulfillment (P9). No
quality dimensions are scored.

F.7 Ariadne

Project Ariadne (Khanzadeh, 2026) introduces a
causal auditing framework for reasoning faithful-
ness in LLM agents. It models an agent’s chain-of-
thought as a Structural Causal Model (SCM) and
applies counterfactual interventions (do-calculus)
to intermediate reasoning steps (inverting logic,
negating premises, reversing factual claims) to mea-
sure whether the reasoning trace causally deter-
mines the final answer.

P5 (Reasoning Grounding): ✓. Interventions
that negate factual premises in the reasoning trace
test whether reasoning is grounded in stated ob-
servations. When an agent’s factual claim is re-
placed with its negation and the final answer re-
mains unchanged, this reveals that the reasoning
is not grounded in the evidence cited. The agent
arrives at its conclusion through latent parametric
priors rather than through the observations in its
chain-of-thought.

P6 (Reasoning Compliance): ✓. This is the
framework’s core contribution. Ariadne directly
tests whether the chain-of-thought is a causal
driver of the agent’s terminal action or ungrounded
reasoning decoupled from the actual decision pro-
cess. The Causal Decoupling phenomenon occurs
when output similarity remains high despite inter-
ventions on intermediate reasoning. This consti-
tutes a P6 violation: the reasoning trace is unfaith-
ful to the actual decision process. This provides
a stronger form of P6 evidence than textual coher-
ence alone, because it uses interventionist method-
ology rather than surface-level consistency checks.

Scope caveat (S). Ariadne operates on single-
step, single-turn prompts: one question → one
chain-of-thought → one answer. Its causal inter-
ventions therefore audit whether a single reasoning
step is faithful, which is a valid P5/P6 check at
the step level. However, the framework does not
extend to multi-step trajectories where reasoning
errors may compound, cancel, or propagate across
actions. Whether causal decoupling measured at
the step level predicts trajectory-level reasoning
failures remains an open question.

Excluded pairs. Ariadne does not evaluate data
grounding in communication (P1/P2), policy com-
pliance (P3/P4), instruction adherence (P7/P8), or
user fulfillment (P9). No quality dimensions are
scored.

F.8 CoT-Control

CoT-Control (Chen et al., 2025a) measures whether
reasoning models can deliberately control the con-
tent of their chain-of-thought traces. It spans
14,076 instances with instructions that ask models
to suppress keywords, add content, or apply stylis-
tic modifications to their reasoning while solving
problems.

P6 (Reasoning Compliance): ∼. CoT-Control
tests whether P6 auditing is feasible (whether mod-
els can fake their reasoning traces) rather than per-
forming a P6 audit itself. The central finding that
models exhibit dramatically lower CoT control-
lability than output controllability (e.g., Claude
Sonnet 4.5: 2.7% CoT vs. 61.9% output) provides
evidence that the reasoning trace is tightly coupled
to the actual computation, making ϕt auditable.
CoT controllability decreases with more RL train-
ing, higher reasoning effort, and increased task dif-
ficulty, suggesting the ϕ–A coupling strengthens
where it matters most. We assign ∼ because CoT-
Control validates the precondition for reasoning
compliance auditing (can models fake their CoT?)
rather than directly auditing whether ϕt causally
drove At in any specific case.

Scope caveat (S). CoT-Control evaluates single-
turn controllability; it does not test whether reason-
ing fidelity degrades across multi-step trajectories.

Excluded pairs. CoT-Control does not model
tool outputs (P1/P2), domain policy (P3/P4), agent
instructions (P7/P8), or user intent (P9). No quality
dimensions are addressed.
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F.9 SeekBench
SeekBench (Shao et al., 2025) evaluates the epis-
temic competence of LLM search agents through
step-level trace analysis, measuring reasoning qual-
ity, evidence recovery, and answer-decision calibra-
tion.

P5 (Reasoning Grounding): ✓. The Reasoning
Quality Index (RQI) checks whether each reason-
ing step is grounded in retrieved evidence, cross-
checking observations against reasoning; a direct
Ot → ϕt audit.

Q2 (Resilience): ✓. The Evidence Recovery
Function (ERF) measures whether agents adap-
tively reformulate queries after insufficient search
results; a direct resilience metric testing whether
the agent can recover productively from retrieval
setbacks rather than stalling or repeating the same
query.

Excluded pairs. SeekBench checks reasoning
grounding in evidence (P5), not whether the agent’s
communicated output faithfully reflects tool returns
(P1). The evaluation does not compare internal
reasoning against communicated output (P6). No
policy documents (P3/P4), deployment instructions
(P7/P8), or user fulfillment (P9) are modeled. Q1

and Q3 are not addressed.

F.10 ToolEmu
ToolEmu (Ruan et al., 2024) uses an LM-emulated
tool-execution sandbox and an LM-based safety
evaluator to assess whether agents take unsafe ac-
tions when user instructions are underspecified
(e.g., ambiguous recipients, missing confirmation
steps).

P8 (Instruction Compliance): ✓. The safety
evaluator inspects the agent’s action trajectory
across 144 test cases and 36 toolkits, scoring
whether tool calls violate implicit safety constraints
of the deployment context. Failures are defined by
risky actions (destructive commands, unauthorized
payments, unverified data sharing) rather than by
what the agent communicates to the user. This is
a direct audit of whether agent behavior complies
with safe-execution norms inherent in its deploy-
ment instructions.

Excluded pairs. ToolEmu does not audit commu-
nication fidelity (P1/P7), reasoning traces (P5/P6),
contextual policy documents (P3/P4), or user satis-
faction (P9). No quality dimensions are scored.

F.11 AgentDojo

AgentDojo (Debenedetti et al., 2024) is a dynamic
framework for evaluating prompt injection attacks
and defenses across 97 tasks and 629 security test
cases (email, banking, travel, calendar).

P8 (Instruction Compliance): ⋄. The security
metric verifies whether agent actions were hijacked
by injected prompts embedded in tool-returned data
(e.g., data exfiltration, unauthorized messages) by
inspecting environment state changes. This consti-
tutes an adversarial-resilience test: agents should
act according to the user’s legitimate task, not the
attacker’s injected goal.

Excluded pairs. AgentDojo does not evaluate
communication content (P1/P7), reasoning traces
(P5/P6), contextual policy documents (P3/P4), or
user satisfaction (P9). No quality dimensions are
scored.

F.12 AgentIF

AgentIF (Qi et al., 2025) benchmarks instruction
following in realistic agentic scenarios with 707
human-annotated instructions from 50 real-world
applications, averaging 1,723 words and 11.9 con-
straints per instruction.

P7 (Instruction Grounding): ✓. Format-
ting and semantic constraints directly audit
whether the agent’s output/communication matches
deployment-instruction specifications (e.g., re-
sponse structure, style, content requirements).
Each constraint is evaluated via code-based or
LLM-based verification.

P8 (Instruction Compliance): ✓. Tool con-
straints verify whether the agent’s function-calling
behavior adheres to tool-specification protocols in
the instructions (e.g., required parameters, call se-
quencing).

Scope caveat (S). AgentIF evaluates single-turn,
single-step instruction following. The constraint
taxonomy is valid at the instance level, but does not
test whether compliance degrades across multi-step
trajectories or multi-turn interactions.

Excluded pairs. AgentIF does not model tool-
output grounding (P1/P2), reasoning traces (P5/P6),
contextual policy (P3/P4), or user satisfaction (P9).
No quality dimensions are scored.
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F.13 AgentDyn
AgentDyn (Li et al., 2026) extends prompt-
injection evaluation with 60 open-ended tasks and
560 injection test cases across Shopping, GitHub,
and Daily Life domains, introducing dynamic re-
planning and helpful-vs-malicious instruction dis-
crimination.

P8 (Instruction Compliance): ⋄. The attack suc-
cess rate (ASR) measures whether agent actions are
hijacked to serve attacker goals under adversarial
conditions. The dynamic-replanning and helpful-
instruction aspects test whether agents can behav-
iorally distinguish legitimate from malicious action
directives.

Excluded pairs. AgentDyn does not evaluate
communication fidelity (P1/P7), reasoning traces
(P5/P6), contextual policy (P3/P4), or user satisfac-
tion (P9). No quality dimensions are scored.

F.14 Agent-SafetyBench
Agent-SafetyBench (Zhang et al., 2024) provides
349 interaction environments and 2,000 test cases
across 8 risk categories and 10 failure modes,
scored by a fine-tuned safety evaluation model.

P7 (Instruction Grounding): ∼. Failure mode 1
(generating harmful content without tool calls) is a
communication-level safety failure; the agent’s out-
put violates deployment-level safety norms. How-
ever, this is only 1 of 10 modes and concerns
content safety rather than systematic instruction
grounding, warranting a partial mark.

P8 (Instruction Compliance): ∼. Failure
modes 2–10 concern action-level failures: wrong
tool parameters, calling tools with incomplete in-
formation, ignoring constraints, trusting unverified
tool outputs. These test whether agent behavior
complies with safety norms, but the benchmark
frames evaluation around safety outcomes rather
than directly auditing instruction-text fidelity, war-
ranting a partial mark.

Excluded pairs. Agent-SafetyBench does not au-
dit tool-output grounding (P1/P2), reasoning traces
(P5/P6), contextual policy documents (P3/P4), or
user satisfaction (P9). No quality dimensions are
scored.

F.15 CIBER
CIBER (Ba et al., 2026) is an automated security
benchmark for code interpreter agents, testing 4

adversarial attack types (direct/indirect prompt in-
jection, memory poisoning, prompt-based back-
door) in dockerized sandboxes with real system
privileges.

P8 (Instruction Compliance): ⋄. The state-
aware evaluation captures actual behavioral con-
sequences (file exfiltration, process bombing, re-
source exhaustion) measuring whether agent code-
execution actions remain compliant with legitimate
deployment instructions under adversarial pressure.

Excluded pairs. CIBER does not evaluate com-
munication content (P1/P7), reasoning traces
(P5/P6), contextual policy (P3/P4), or user satis-
faction (P9). No quality dimensions are scored.

F.16 ST-WebAgentBench
ST-WebAgentBench (Levy et al., 2024) pairs 375
web tasks with 3,057 policy instances across 6
safety-and-trustworthiness dimensions, using a hi-
erarchical policy structure (organization > user >
task).

P4 (Policy Compliance): ✓. The CuP
(Completion-under-Policy) metric credits only task
completions that respect all applicable policies
(e.g., GitLab protected-branch rules, GDPR export
checks). Policies are contextual documents; agent
web actions are explicitly audited for compliance.

Excluded pairs. ST-WebAgentBench does not
audit communication fidelity (P1/P7), reasoning
traces (P5/P6), policy communication (P3), instruc-
tion compliance (P8), or user satisfaction (P9). No
quality dimensions are scored.

F.17 SOPBench
SOPBench (Li et al., 2025) provides 903 test cases
across 7 customer-service domains with SOPs ex-
pressed as natural-language descriptions and oracle
Python code implementations as rule-based veri-
fiers.

P4 (Policy Compliance): ✓. Evaluation checks
database outcome correctness, permissibility of
each tool call, and completeness of verification pro-
cedures; all against the SOP specification. SOPs
serve as contextual policy documents; agent tool
calls are explicitly checked for compliance.

Excluded pairs. SOPBench does not audit com-
munication (P1/P3/P7), reasoning traces (P5/P6),
instruction compliance (P8), or user satisfaction
(P9). No quality dimensions are scored.
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F.18 SOP-Bench (Nandi)

SOP-Bench (Nandi et al., 2026) contains 2,000+
tasks from human-expert-authored SOPs across 12
business domains, evaluating via execution correct-
ness rate (ECR) and constraint-aware task success
rate (C-TSR).

P4 (Policy Compliance): ✓. Agent tool/API
interactions are graded against ground-truth out-
puts derived from expert-authored SOPs. The
constraint-aware success rate (C-TSR) explicitly
penalizes constraint violations during task execu-
tion.

Excluded pairs. SOP-Bench does not audit com-
munication (P1/P3/P7), reasoning traces (P5/P6),
instruction compliance (P8), or user satisfaction
(P9). No quality dimensions are scored.

F.19 GuideBench

GuideBench (Diao et al., 2025) provides 1,272 in-
stances across 7 categories where LLMs must pro-
duce correct answers based on domain-oriented
guidelines that may conflict with commonsense.

P3 (Policy Grounding): ✓. Guidelines are con-
textual policy documents; the evaluated output is
the LLM’s textual response. The benchmark di-
rectly tests whether communication faithfully re-
flects the guidelines, including robustness to rule
updates and alignment with human preference.

Scope caveat (S). GuideBench evaluates single-
turn, single-step guideline following. It does not
test whether guideline adherence degrades across
multi-step workflows.

Excluded pairs. GuideBench does not audit tool-
output grounding (P1/P2), reasoning traces (P5/P6),
behavioral compliance (P4/P8), or user satisfaction
(P9). No quality dimensions are scored.

F.20 CoPriva

CoPriva (Chang et al., 2025) evaluates LLM ad-
herence to contextual non-disclosure security poli-
cies in QA over meeting transcripts, with 4,184
instances including direct and indirect information-
elicitation attacks.

P3 (Policy Grounding): ✓. Security policies
specify what information may or may not be dis-
closed; the benchmark tests whether the agent’s
textual answer withholds policy-forbidden infor-
mation; a direct Octx–AC audit.

Scope caveat (S). CoPriva evaluates single-turn
responses. Indirect attacks probe adversarial re-
silience but within single exchanges rather than
across multi-turn sessions where information may
leak gradually.

Excluded pairs. CoPriva does not audit tool-
output grounding (P1/P2), reasoning traces (P5/P6),
behavioral compliance (P4/P8), instruction adher-
ence (P7), or user satisfaction (P9). No quality
dimensions are scored.

F.21 Company Policy Adherence
Company Policy Adherence (Zwerdling et al.,
2025) evaluates whether web-agent trajectories
comply with organizational policies, training a Poli-
cyGuard guardrail model on a 60k-scale benchmark
for detecting policy violations at the full-trajectory
and prefix levels.

P4 (Policy Compliance): ✓. Organizational
policies constrain agent action trajectories, and
the system explicitly evaluates compliance through
trajectory-level and prefix-based violation detec-
tion.

Excluded pairs. Does not audit communication
fidelity (P1/P3/P7), reasoning traces (P5/P6), in-
struction compliance (P8), or user satisfaction (P9).
No quality dimensions are scored.

F.22 Policy Red-Teaming
Policy Red-Teaming (Nakash et al., 2025) intro-
duces the CRAFT multi-agent red-teaming sys-
tem and the τ -break benchmark extending τ -bench,
where adversarial users strategically try to manipu-
late policy-adherent customer-service agents into
violating refund/cancellation policies.

P4 (Policy Compliance): ⋄. Adversarial users
attempt to induce policy violations through strate-
gic manipulation. The attack success rate measures
whether agents’ actions deviate from policy under
pressure; an adversarial-resilience test of policy
compliance.

Excluded pairs. Does not audit communication
fidelity (P1/P3/P7), reasoning traces (P5/P6), in-
struction compliance (P8), or user satisfaction (P9).
No quality dimensions are scored.

F.23 AgentHarm
AgentHarm (Andriushchenko et al., 2025) tests 110
explicitly malicious agent tasks across 11 harm cat-
egories, measuring whether LLM agents refuse
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harmful requests and whether jailbreaks enable
completion of multi-step malicious tasks.

P8 (Instruction Compliance): ⋄. Jailbreak at-
tacks attempt to override system-prompt safety
instructions. The refusal rate measures whether
agents maintain behavioral compliance with safety
instructions under adversarial pressure.

Why P4 is not checked. Although AgentHarm’s
harm categories (fraud, cybercrime, harassment)
loosely correspond to platform safety policies,
these norms are not provided to the agent as ex-
plicit contextual policy documents (Octx). They
are implicit in the model’s alignment training and
system-prompt instructions, making them part of Λ
(deployment instructions) rather than Octx (contex-
tual policy). If implicit training-time safety norms
counted as Octx, every safety benchmark would re-
ceive a P4 mark, diluting the distinction between
policy compliance (P4) and instruction compliance
(P8). The P8⋄ mark already captures what Agen-
tHarm measures.

Excluded pairs. Does not audit communica-
tion fidelity (P1/P7), reasoning traces (P5/P6), or
user satisfaction (P9). No quality dimensions are
scored.

F.24 ASB

ASB (Zhang et al., 2025) is a comprehensive secu-
rity benchmark spanning 10 scenarios, 10 agents,
400+ tools, and 27 attack/defense methods, testing
prompt injection (direct/indirect), memory poison-
ing, and backdoor attacks.

P8 (Instruction Compliance): ⋄. Attacks at-
tempt to override system-prompt instructions; the
refuse rate measures whether agents reject unsafe
requests per their deployment instructions under
multi-vector adversarial pressure.

P4 (Policy Compliance): ⋄. Domain scenarios
(e-commerce, finance, autonomous driving) in-
volve contextual operational policies. The ASR
measures whether agent actions violate these
domain-specific policies under attack.

Excluded pairs. Does not audit communication
fidelity (P1/P3/P7), reasoning traces (P5/P6), or
user satisfaction (P9). No quality dimensions are
scored.

F.25 FinVault

FinVault (Yang et al., 2026) provides 31 regulatory-
case-driven sandbox scenarios with state-writable
databases, 107 real-world vulnerabilities, and 963
test cases, testing prompt injection, jailbreaking,
and financially-adapted attacks with execution-
grounded verification.

P8 (Instruction Compliance): ⋄. Jailbreak and
prompt-injection attacks test whether agents devi-
ate from safety instructions under adversarial pres-
sure.

P4 (Policy Compliance): ⋄. Financial regula-
tory compliance constraints serve as explicit con-
textual policies; the benchmark verifies whether
agents’ state-changing actions violate these con-
straints under attack via actual database-state in-
spection; a strong execution-grounded form of ad-
versarial compliance testing.

Excluded pairs. Does not audit communication
fidelity (P1/P3/P7), reasoning traces (P5/P6), or
user satisfaction (P9). No quality dimensions are
scored.

F.26 TransLaTeX

TransLaTeX (Lyn and Graham, 2025) evaluates
LLM agents on scientific document format con-
version, using SafeFormatBench (100 documents)
to measure compilation rate, placeholder integrity,
ACL policy compliance, and visual fidelity.

P4 (Policy Compliance): ∼. The aclpubcheck
evaluation verifies adherence to ACL formatting
rules (margins, fonts, references, section spacing).
These are a narrow, stylistic form of contextual pol-
icy compliance rather than behavioral/procedural
policy in the typical agent sense, warranting a par-
tial mark.

Excluded pairs. Does not audit communication
fidelity (P1/P3/P7), reasoning traces (P5/P6), in-
struction compliance (P8), or user satisfaction (P9).
No quality dimensions are scored.

F.27 MANTRA

MANTRA (Anand et al., 2026) automatically
synthesizes compliance benchmarks from natural-
language procedural manuals and tool schemas,
using an SMT solver to validate consistency of a
symbolic world model and trace-level compliance
checks across 285 tasks in 6 domains.
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P4 (Policy Compliance): ✓. Procedural man-
uals serve as contextual policy documents; agent
tool-call traces are explicitly checked via machine-
verifiable compliance constraints derived from the
manuals. The SMT-backed deterministic grading
provides formal compliance guarantees.

Excluded pairs. Does not audit communication
fidelity (P1/P3/P7), reasoning traces (P5/P6), in-
struction compliance (P8), or user satisfaction (P9).
No quality dimensions are scored.

F.28 CCTU

CCTU (Ye et al., 2026b) provides 200 test cases
across 12 constraint categories in 4 dimensions
(resource, behavior, toolset, response), with an ex-
ecutable constraint validation module performing
step-level verification during multi-turn tool-use
interactions.

P4 (Policy Compliance): ✓. The constraint cat-
egories (latency limits, tool-access frequency re-
strictions, resource budgets) function as contex-
tual operational policies. The executable validation
module performs explicit step-level compliance
checking of agent actions against these constraints.

Excluded pairs. Does not audit communication
fidelity (P1/P3/P7), reasoning traces (P5/P6), in-
struction compliance (P8), or user satisfaction (P9).
No quality dimensions are scored.

F.29 AudAgent

AudAgent (Zheng et al., 2026) monitors AI agents
at runtime against their stated privacy policies, for-
malizing policies into ontology models via cross-
LLM voting and using automata-based compliance
checking to detect violations.

P4 (Policy Compliance): ✓. Privacy policies are
contextual policy documents; runtime data prac-
tices (tool calls, data disclosures) are continuously
audited for compliance via automata-based check-
ing. This is an explicit, real-time policy compliance
audit.

Excluded pairs. Does not audit communication
fidelity (P1/P3/P7), reasoning traces (P5/P6), in-
struction compliance (P8), or user satisfaction (P9).
No quality dimensions are scored.

F.30 Near-Miss

Near-Miss (Rabinovich et al., 2026) introduces a
“latent failure” metric for detecting cases where

agents reach correct final states but bypass required
policy checks, using ToolGuard to convert natural-
language policies into executable guard code.

P4 (Policy Compliance): ✓. Policies are formal-
ized into executable guards; agent tool-call trajec-
tories are checked against those guards. This goes
beyond outcome-matching to audit whether the pro-
cess complied with policy; detecting “near-miss”
successes where the correct outcome was reached
through non-compliant means.

Excluded pairs. Does not audit communication
fidelity (P1/P3/P7), reasoning traces (P5/P6), in-
struction compliance (P8), or user satisfaction (P9).
No quality dimensions are scored.

F.31 Solver-Aided

Solver-Aided Compliance (Winston et al., 2026)
translates natural-language tool-use policies into
SMT-LIB 2.0 formal constraints, intercepting
planned tool calls and verifying them against a
Z3 solver before execution.

P4 (Policy Compliance): ✓. Policies are for-
malized into SMT constraints; agent tool calls are
verified with formal guarantees. Violating calls are
blocked at runtime. This is the strongest form of
explicit compliance auditing in the coded corpus.

Excluded pairs. Does not audit communication
fidelity (P1/P3/P7), reasoning traces (P5/P6), in-
struction compliance (P8), or user satisfaction (P9).
No quality dimensions are scored.

F.32 SOP-Maze

SOP-Maze (Wang et al., 2026) benchmarks 397
instances across 23 business SOP scenarios with
complex nested conditional branches, evaluating
LLM ability to follow SOPs via reference-answer
matching.

P4 (Policy Compliance): ∼. SOPs function as
contextual policy documents, and model outputs
are compared to SOP-derived reference answers.
The partial mark reflects that evaluation is outcome-
based (reference matching) rather than a step-by-
step compliance audit, and SOPs are delivered in-
line in the prompt.

Scope caveat (S). SOP-Maze evaluates single-
turn responses to SOP-guided queries; it does not
test multi-step workflow compliance.
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Excluded pairs. Does not audit communication
fidelity (P1/P7), reasoning traces (P5/P6), instruc-
tion compliance (P8), or user satisfaction (P9). No
quality dimensions are scored.

F.33 Beyond IVR

Beyond IVR (Balaji et al., 2026) introduces Jour-
neyBench, which models business workflows as
directed graphs with nodes representing SOP steps,
evaluating agents via Tool Trace Alignment and
Tool Call Accuracy.

P4 (Policy Compliance): ∼. The Tool Trace
Alignment metric compares predicted vs. expected
tool-call sequences step-by-step, which superfi-
cially resembles compliance checking. However,
trace alignment is golden-path matching, not pol-
icy compliance auditing: the agent’s actions are
compared against a single pre-computed reference
trajectory rather than against the policy constraints
themselves. These are fundamentally different; a
true compliance audit checks whether each action
satisfies the constraints in the policy document, ad-
mitting multiple valid action sequences, whereas
golden-path matching treats one particular inter-
pretation of the SOP as the sole correct path. An
agent that finds a valid alternative route through
the SOP is penalized, and a reference trajectory
that was incorrectly derived from the SOP (due to
ambiguity or annotation error) would silently re-
ward agents that reproduce the mistake. The partial
mark further reflects that SOPs are embedded in
the agent’s prompt context rather than existing as
separate auditable policy documents.

Excluded pairs. Does not audit communication
fidelity (P1/P3/P7), reasoning traces (P5/P6), in-
struction compliance (P8), or user satisfaction (P9).
No quality dimensions are scored.

F.34 FM SO.P

FM SO.P (Huang et al., 2026) is a progressive
training framework for SOP understanding across 7
domains, with three-stage training (concept disam-
biguation, action sequence understanding, scenario-
aware graph reasoning) and a multi-agent evalua-
tion system.

P4 (Policy Compliance): ∼. The benchmark as-
sesses SOP comprehension (whether the model can
reason about SOPs) rather than directly auditing
whether an agent’s actions comply with policy in

a live workflow. This is an indirect measure of
compliance capability, warranting a partial mark.

Scope caveat (S). Evaluation uses single-turn
QA on SOP-related questions rather than multi-
step task execution.

Excluded pairs. Does not audit communication
fidelity (P1/P3/P7), reasoning traces (P5/P6), in-
struction compliance (P8), or user satisfaction (P9).
No quality dimensions are scored.

F.35 τ -bench

τ -bench (Yao et al., 2025) evaluates customer-
service agents in airline and retail domains through
multi-turn interactions with simulated users, where
agents must resolve issues using API tools while
following domain-specific policy documents deliv-
ered in the system prompt.

P4 (Policy Compliance): ∼. The agent must fol-
low domain policies (e.g., “basic economy cannot
be modified”) when performing write actions. The
reward raction checks whether the final DB state
matches ground truth; indirectly auditing whether
actions complied with policy constraints. The par-
tial mark reflects that compliance is inferred from
outcome correctness rather than via an explicit per-
step policy-violation detector.

P9 (User Fulfillment): ✓. The reward routput
explicitly checks whether the agent’s responses
contain all required information for the user; the
overall reward directly measures whether the user’s
intent was resolved correctly (DB outcome matches
user’s desired state).

Excluded pairs. No explicit audit of
communication–action consistency (P1/P2),
reasoning traces (P5/P6), or deployment in-
structions (P7/P8). No quality dimensions are
scored.

F.36 τ2-bench

τ2-bench (Barres et al., 2025) extends τ -bench to
a dual-control Dec-POMDP where both agent and
user have tools, adding a telecom domain and cat-
egorized evaluation (DB checks, status assertions,
NL assertions, communication info checks, action
matching).

P4 (Policy Compliance): ∼. Same rationale as
τ -bench: domain policy constrains agent actions,
and task success implicitly requires compliance.
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The paper ablates policy removal (showing per-
formance impact), but still provides no explicit
per-step violation scoring.

P9 (User Fulfillment): ✓. Task success requires
that the user’s issue is resolved (verified by DB
state and communication info checks). The cate-
gorized evaluation explicitly verifies whether the
agent conveyed correct information.

Excluded pairs. No explicit audit of P1/P2,
P5/P6, P7/P8, or quality dimensions.

F.37 USR

USR (Mehri and Eskenazi, 2020) is a reference-
free dialogue evaluation metric with unsupervised
sub-metrics: Understandable, Natural, Maintains
Context, Interesting, Uses Knowledge, and Overall
Quality, trained on masked-language-model and
dialogue-retrieval tasks.

Q3 (Interaction Quality): ✓. USR is explicitly
a multi-dimensional dialogue quality metric mea-
suring naturalness, coherence, interestingness, and
context maintenance; precisely interaction quality
dimensions.

Scope caveat (S). USR evaluates single-turn re-
sponse quality; it does not test whether interaction
quality degrades across multi-turn or multi-step
sessions.

Excluded pairs. USR is a metric, not a bench-
mark with task completion. It measures no procedu-
ral compliance, policy adherence, data grounding,
or user fulfillment. No other quality dimensions
are scored.

F.38 Userbench

Userbench (Qian et al., 2025) is a user-centric
benchmark for multi-turn travel planning where
simulated users have underspecified, incremental,
and indirect preferences that the agent must elicit
and satisfy.

P9 (User Fulfillment): ✓. The primary metric
is a normalized reward score measuring alignment
of the agent’s final recommendation with the user’s
true (hidden) preferences. Preference Elicited %
directly measures how well the agent uncovers user
intent.

Excluded pairs. No audit of P1–P8 or quality
dimensions Q1–Q3.

F.39 INSURE-Dial

INSURE-Dial (Kulkarni et al., 2026) is a phase-
aware benchmark for insurance benefit verification
calls, evaluating Information Compliance (was re-
quired information explicitly stated?) and Procedu-
ral Compliance (was the interaction carried out in
the correct phase order?).

P9 (User Fulfillment): ∼. The benchmark’s
core contribution is procedural and informational
compliance verification against an audit check-
list; checking whether each phase was executed
correctly and in order. We assign P9∼ because
successful completion of the verification call ulti-
mately serves the healthcare provider’s information
needs, but the benchmark frames evaluation around
audit compliance rather than user satisfaction.

Excluded pairs. INSURE-Dial does not au-
dit tool-output grounding (P1), reasoning traces
(P5/P6), deployment instructions (P7/P8), or qual-
ity dimensions. Note: the benchmark’s procedural-
compliance focus borders on P2/P4, but we map
conservatively because the “policy” is an implicit
call structure rather than an explicit document.

F.40 HotelQuEST

HotelQuEST (Hadad et al., 2026) evaluates hotel
search agents on 214 queries spanning simple to
complex, jointly measuring quality (Accuracy, Fac-
tuality) and efficiency (total tokens, latency, cost).

P1 (Data Grounding): ✓. The Factuality evalu-
ator explicitly checks whether the agent’s answer
is grounded in hotel descriptions and reviews; the
prompt instructs: “Evaluate ONLY using the pro-
vided hotel descriptions and reviews.” This is a
direct Osys–AC audit.

P9 (User Fulfillment): ✓. The Accuracy eval-
uator measures whether the recommended hotel
matches the user’s query and preferences (includ-
ing clarified underspecified ones).

Q1 (Efficiency): ✓. The paper’s central thesis is
joint quality–efficiency evaluation. It reports total
tokens, latency, cost, and analyzes cost-inefficiency
from redundant tool calls, with quality and effi-
ciency oracles providing bounds.

Excluded pairs. No audit of P2, P5/P6, P7/P8,
P3/P4, Q2, or Q3.

24629



F.41 Online-Mind2Web
Online-Mind2Web (Xue et al., 2025) benchmarks
300 web tasks across 136 real websites with human
judgment and WebJudge (LLM-as-a-Judge), report-
ing binary task success and an explicit efficiency
metric.

Q1 (Efficiency): ✓. The efficiency metric E =
1

|Tsucc|
∑

i∈Tsucc
Si/Ŝi explicitly compares agent

steps to human reference trajectory length, pro-
viding a dedicated per-agent efficiency score.

Excluded pairs. No audit of P1–P9, Q2, or Q3.

F.42 Mind2Web 2
Mind2Web 2 (Gou et al., 2025) benchmarks agen-
tic search (Deep Research) systems on 130 long-
horizon web tasks, using an Agent-as-a-Judge
framework with tree-structured rubrics that evalu-
ate answer correctness and source attribution.

P1 (Data Grounding): ✓. The source-
attribution evaluation explicitly audits whether
agent-generated statements are grounded in
retrieved web pages. The verify_by_url verifier
checks each cited source, directly measuring
Osys–AC alignment.

P9 (User Fulfillment): ✓. The correctness eval-
uation checks whether the answer satisfies all user-
specified requirements (budget, item constraints,
etc.) via the rubric tree. Partial Completion and
Success Rate metrics directly measure task-goal
fulfillment.

Excluded pairs. No audit of P2, P5–P8, P3/P4,
or quality dimensions.

F.43 TRAJECT-Bench
TRAJECT-Bench (He et al., 2025a) is a trajectory-
level preference benchmark for reward models in
tool-using scenarios, with four task families: Safety
Refusal, Tool-Irrelevance/Unavailability, Complex
Planning, and Robust Error Recovery.

P1 (Data Grounding): ∼. Tool-grounded fabri-
cation (claiming tool output that was not returned)
is scored as a key failure mode. The partial mark
reflects that TRAJECT-Bench tests the reward
model’s ability to detect data-grounding violations
rather than directly auditing agent data grounding.

P9 (User Fulfillment): ✓. Preferred trajectories
are those that correctly fulfill the user’s intent; gold
labels encode this distinction.

Q1 (Efficiency): ✓. The scoring rubric distin-
guishes inefficient trajectories from incorrect ones,
and performance analysis separates trajectory-
length effects from hard failures.

Q2 (Resilience): ∼. “Robust Error Recovery” is
one of four task families, testing whether reward
models can judge recovery quality. The partial
mark reflects that this tests RM recognition of re-
silience rather than adversarial probing of agents.

Excluded pairs. No audit of P2, P5–P8, P3/P4,
or Q3.

F.44 Vitabench

Vitabench (He et al., 2025b) simulates food deliv-
ery, in-store consumption, and travel services with
66 tools and 400 tasks requiring multi-turn inter-
action, ambiguity clarification, and shifting-intent
tracking, scored by a rubric-based sliding-window
evaluator.

P9 (User Fulfillment): ✓. Task success rate is
the primary metric; the rubric checklist measures
whether user goals are met, including handling of
underspecified preferences and intent shifts.

Excluded pairs. No audit of P1–P8 or quality
dimensions Q1–Q3.

F.45 COMPASS

COMPASS (Qin et al., 2026) evaluates constrained
preference optimization for travel planning with
hard constraints (dates, budget) and soft prefer-
ences (cheapest, wishlist) across multi-turn interac-
tions.

P9 (User Fulfillment): ✓. Measures both hard-
constraint satisfaction and soft-preference opti-
mization; directly auditing whether the agent ful-
fills user requirements.

Excluded pairs. No audit of P1–P8 or Q1–Q3.
Note: the paper includes a dedicated “Conversation
Efficiency” analysis (§5.2) measuring convergence
speed, but this is framed as a secondary finding
rather than a primary benchmark axis.

F.46 TRIP-Bench

TRIP-Bench (Shen et al., 2026) evaluates long-
horizon travel planning with up to 15 user turns,
150+ tool calls, and 200k+ tokens, using hierarchi-
cal rubric-to-constraint generation and rule-based +
turn-level metrics.
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P9 (User Fulfillment): ✓. Success rate on
rubric-defined constraints directly measures user
goal fulfillment across extended interactions.

Excluded pairs. No audit of P1–P8 or Q1–Q3.

F.47 M3-Bench

M3-Bench (Xie et al., 2026) evaluates LLM agents
in 24 mixed-motive games via three process-aware
modules: Behavioral Trajectory Analysis (BTA,
what agents do), Reasoning Process Analysis (RPA,
what agents think), and Communication Content
Analysis (CCA, what agents say).

P2 (Execution Compliance): ✓. The core di-
agnostic is the mismatch between what agents
communicate/reason (via RPA/CCA) and what
they actually execute (via BTA). The speech–
action consistency metric and the “overthink–
undercommunicate” finding directly audit whether
communicated intentions align with executed ac-
tions; a direct AC–AW audit.

P5 (Reasoning Grounding): ∼. RPA evalu-
ates whether internal reasoning is coherent and
grounded in game state (beliefs about others, in-
teraction history, payoff structure) via LLM-judge
scoring. The partial mark reflects that grounding is
assessed by judge rather than formal trace-to-state
verification.

Q3 (Interaction Quality): ∼. CCA analyzes
communicative strategy, pragmatic speech acts,
and style distribution; touching interaction quality.
The partial mark reflects that the focus is strategic
social communication in games rather than general
agent–user interaction quality.

Excluded pairs. No audit of P1, P6–P8, P3/P4,
P9, Q1, or Q2.

F.48 Scalable Oversight

Scalable Oversight (Kenton et al., 2024) studies
whether weak LLM judges can effectively over-
see strong LLM outputs via debate (two AIs argue
opposing sides) and consultancy (one AI argues)
protocols across 9 QA tasks.

P1 (Data Grounding): ∼. In extractive QA
tasks, debaters must ground arguments in source
articles via a verified-quote tool; judge accuracy
partially reflects whether agent claims are data-
grounded. The partial mark reflects that data
grounding is a mechanism enabling the oversight

protocol rather than the object of systematic evalu-
ation.

Q2 (Resilience): ⋄. The core setup is adversar-
ial: one debater argues for the incorrect answer,
stress-testing whether the judge can resist persua-
sive but wrong arguments. The finding that debate
resists incorrect-answer persuasion better than con-
sultancy is a direct adversarial resilience result.

Excluded pairs. No audit of P2, P5–P8, P3/P4,
P9, Q1, or Q3.

F.49 Claw-Eval
Claw-Eval (Ye et al., 2026a) is an end-to-end evalu-
ation suite with 300 tasks, three evidence channels
(execution traces, audit logs, environment snap-
shots), and 2,159 rubric items scoring Completion,
Safety, and Robustness.

P4 (Policy Compliance): ∼. Safety evalua-
tion catches violations (44% missed by trajectory-
opaque methods); safety constraints function as
implicit policies. The partial mark reflects that con-
straints are embedded in rubric items rather than
delivered as separate contextual policy documents.

Q2 (Resilience): ✓. Robustness is a first-class
scoring axis with dedicated error injection that
drops Pass3 by up to 24 pp; an explicit resilience
audit.

Excluded pairs. No audit of P1–P3, P5–P8, P9,
Q1, or Q3.

F.50 Multi-Faceted
Multi-Faceted (Shourya et al., 2026) introduces
the TRACE benchmark (516 conversations, 26 er-
ror cases) and the SCOPE framework for auto-
discovering error patterns in tool-augmented di-
alogues.

P1 (Data Grounding): ∼. Error categories in-
clude tool-result misinterpretation (agent says X,
tool returned Y); touching Osys–AC . The partial
mark reflects that this is incidental to the broader
error taxonomy, not a dedicated grounding metric.

Q3 (Interaction Quality): ∼. The paper evalu-
ates overall conversation quality beyond user sat-
isfaction, but the primary contribution is error de-
tection rather than a standalone interaction-quality
metric.

Excluded pairs. No audit of P2, P5–P8, P3/P4,
P9, Q1, or Q2.
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F.51 Interaction Smells

Interaction Smells (Zhang et al., 2026) provides
an empirical taxonomy of interaction-quality prob-
lems in multi-turn human–LLM code generation,
categorized into User Intent Quality, Historical In-
struction Compliance, and Historical Response Vi-
olation (9 subcategories).

Q3 (Interaction Quality): ∼. The taxonomy di-
rectly characterizes interaction-quality degradation
patterns. The partial mark reflects that this is an
empirical classification and mitigation framework
rather than a dedicated scored quality metric ap-
plied per-agent.

Excluded pairs. “Historical Instruction Compli-
ance” refers to user-issued instructions within the
conversation, not deployment instructions (Λ); not
P8. No audit of P1–P9, Q1, or Q2.

F.52 Beyond State Machines

Beyond State Machines (Garigipati et al., 2026)
evaluates LLM agents executing network proce-
dures (UE IP allocation) as tool-call sequences,
comparing 4 approaches across procedure lengths
and error conditions.

P2 (Execution Compliance): ∼. Execution cor-
rectness checks whether the agent’s tool-call se-
quence matches the required procedure. The partial
mark reflects that this compares against a reference
sequence (golden-path matching) rather than veri-
fying communicated-vs-executed consistency.

P4 (Policy Compliance): ∼. The network proce-
dure functions as a domain SOP, and step-sequence
correctness is checked. The partial mark reflects
that the “procedure” is a task specification deliv-
ered inline rather than a separable contextual policy
document.

Excluded pairs. No audit of P1, P5–P8, P3, P9,
or quality dimensions.

F.53 TCQA2

TCQA2 (Chen et al., 2025b) evaluates tiered con-
versational Q&A agents for gaming NPCs, integrat-
ing knowledge graphs, FAQ pairs, and real-time
web content, with multi-dimensional quality assess-
ment including hallucination detection, relevance,
safety, and personalized dialogue quality.

Q3 (Interaction Quality): ✓. The paper evalu-
ates personalized dialogue, multi-turn Q&A qual-
ity, emotional companionship, and risk mitigation
as dedicated, scored evaluation targets; interaction
quality is a primary evaluation axis.

Excluded pairs. No audit of P1–P9, Q1, or Q2.

F.54 WikiHowAgent

WikiHowAgent (Pei et al., 2025) evaluates a
multi-LLM agent workflow for procedural learning
(Teacher + Learner + Interaction Manager + Eval-
uator) across 114,296 conversations and 14,287
tutorials.

Q3 (Interaction Quality): ✓. A dedicated Eval-
uator component assesses conversation quality us-
ing rubric-based pedagogic metrics aligned with
human judgment; directly measuring interaction
quality as a first-class scored dimension.

Excluded pairs. No audit of P1–P9, Q1, or Q2.

G Policy Comparison

Table 5 provides a structured comparison of all
benchmarks that evaluate policy grounding (P3) or
policy compliance (P4). The comparison shows
large differences in what “policy” means across the
literature and how compliance is measured.

G.1 Key Findings

Policy complexity spectrum. The benchmarks
span a wide realism range. At the low end, Co-
Priva uses short declarative non-disclosure rules
and TransLaTeX checks a fixed set of formatting
constraints. At the high end, MANTRA scales
to 50+ page procedural manuals and τ -bench/τ2-
bench use multi-page prose policies with complex
conditional rules requiring multi-hop reasoning
(e.g., tier-specific cancellation rules that depend on
cabin class, booking date, and membership status).
SOP-Bench (Nandi) occupies the middle with 3–7
page expert-authored SOPs containing ambiguous
language and implicit domain knowledge.

The verification–complexity tradeoff. A strik-
ing pattern emerges: benchmarks with the longest
and most realistic policies tend to use the weakest
verification methods, and vice versa. τ -bench and
τ2-bench use realistic multi-page policies but rely
on LLM judges for compliance scoring (outcome-
level). Conversely, Solver-Aided and MANTRA
achieve formal SMT-backed verification guarantees
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Table 5: Comparison of policy characteristics across P3/P4 benchmarks. Complexity: S = short (a few rules),
M = medium (1–5 pages), L = long (5–50+ pages). Structure: F = flat rules, H = hierarchical, G = graph/workflow,
N = nested conditionals, P = prose. Delivery: Pr = in-prompt, Sep = separate document, FC = pre-compiled for-
mal constraints. Verification: GP = golden-path matching, RB = rule-based oracle, GC = executable guard code,
AM = automata, LJ = LLM judge, FM = formal methods (SMT), OB = outcome-based. Granularity: A = per-action,
T = trajectory-level, O = outcome-only. Multi-path: Y = allows multiple valid paths, N = single golden path.

Paper Policy Type Comp. #Rules Struct. Deliv. Verif. Gran. Multi Adv.

P3 (Policy Grounding : communication side)

GuideBench (Diao et al., 2025) Domain guidelines S–M 7 categories H,N Pr RB+LJ O Y –
CoPriva (Chang et al., 2025) Non-disclosure rules S 2,763 policies F Pr LJ O Y ✓
P4✓ (Policy Compliance : explicit audit)

ST-WebAgentBench (Levy et al., 2024) Enterprise ST policies M 3,057 instances H Sep RB A Y –
SOPBench (Li et al., 2025) Customer-svc SOPs M 165 constraints G Sep RB A Y –
SOP-Bench (Nandi et al., 2026) Industrial SOPs M–L 2,000+ tasks N,G Sep RB A Y –
Co. Policy Adh. (Zwerdling et al., 2025) Web-agent policies S 60K pairs F Sep RB T Y –
MANTRA (Anand et al., 2026) Procedural manuals L 285 tasks G FC FM A Y –
CCTU (Ye et al., 2026b) Operational constraints M 12 categories H Pr RB A Y –
AudAgent (Zheng et al., 2026) Privacy policies M Real policies H Sep AM A Y –
Near-Miss (Rabinovich et al., 2026) Airline policies M ∼4 guards N Pr GC A Y –
Solver-Aided (Winston et al., 2026) Tool-use policies M Airline subset N FC FM A Y –

P4⋄ (Policy Compliance : adversarial resilience)

Policy Red-Team. (Nakash et al., 2025) Cust-svc policies M Airline+retail N,P Pr LJ T Y ✓
ASB (Zhang et al., 2025) Domain system prompts S–M 10 scenarios F Pr OB T N ✓
FinVault (Yang et al., 2026) Regulatory constraints M 107 vulns N FC OB+GC A Y ✓
P4∼ (Policy Compliance : partial/indirect)

τ -bench (Yao et al., 2025) Cust-svc domain policy M Airline+retail N,P Pr LJ O Y –
τ2-bench (Barres et al., 2025) Cust-svc domain policy M 3 domains N,P Pr LJ O Y –
TransLaTeX (Lyn and Graham, 2025) Formatting rules S ACL checks F FC RB O N –
SOP-Maze (Wang et al., 2026) Business SOPs M 23 SOPs N Pr GP O N –
Beyond IVR (Balaji et al., 2026) Workflow SOPs M 3 domains G Pr GP T N –
FM SO.P (Huang et al., 2026) SOPBench SOPs M 7 domains G Pr GP+LJ O N –

but require policies to be translated into logical con-
straints; a process that may lose nuance from the
original natural-language document. Near-Miss’s
executable guard code occupies a middle ground:
it formalizes specific safety-critical policy rules
while leaving non-critical rules unchecked.

Golden-path matching vs. constraint-based ver-
ification. A basic method divide separates the
P4∼ from the P4✓ papers. SOP-Maze, Beyond
IVR, and FM SO.P compare agent traces against
pre-computed reference trajectories (golden-path
matching). This conflates policy compliance with
behavioral cloning: an agent that finds a valid alter-
native path through the SOP is penalized, and errors
in the reference trajectory are silently propagated.
In contrast, the P4✓ papers (ST-WebAgentBench,
SOPBench, MANTRA, Near-Miss, Solver-Aided)
verify each action against policy constraints, ad-
mitting any action sequence that satisfies the rules.
This distinction is the primary driver of the ✓ vs.
∼ distinction.

Policy delivery and the P4/P8 boundary. Many
benchmarks deliver policies in-prompt (Pr), blur-
ring the line between contextual policy (Octx,
P3/P4) and deployment instructions (Λ, P7/P8).
We assign P4 when the policy is clearly a domain
document that varies across tasks and could be

swapped (e.g., different airline rules, different com-
pany SOPs), distinguishing it from fixed deploy-
ment instructions. CCTU is a borderline case: its
constraints (resource budgets, tool-access limits) re-
semble deployment-level instructions but are coded
as P4 because they vary per task and function as
operational policies.

Adversarial testing is rare. Only 4 of 20 bench-
marks test policy compliance under adversarial
pressure: CoPriva (indirect information-elicitation
attacks), Policy Red-Teaming (strategic user ma-
nipulation), ASB (multi-vector prompt injection),
and FinVault (financially-adapted attacks). Most
P4✓ benchmarks assume cooperative users, leav-
ing open whether their agents would maintain com-
pliance under adversarial conditions.

Communication vs. behavior. Only
GuideBench and CoPriva evaluate the com-
munication side of policy (P3: does the agent’s
textual output reflect policy?). All other bench-
marks focus on the behavioral side (P4: do the
agent’s actions comply?). This gap suggests
that policy grounding (whether agents accurately
communicate policy constraints to users) remains
largely unexamined, even though customer-facing
agents routinely need to explain why they cannot
fulfill a request.
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