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Abstract

Real-world deployments of large language
models (LLMs) increasingly rely on user-
provided instructions that are long, precise,
and tailored to specific workflows. In such
settings, aggregate leaderboard performance
is often a weak proxy for a model’s ability to
faithfully execute the particular instruction that
a practitioner intends to deploy. To address
this gap, we introduce FlexBench/FlexEval,
an instruction-conditioned evaluation frame-
work that instantiates a specialized test suite
from a user-provided target instruction. Given
a target instruction, FlexBench (i) derives a
set of verifiable evaluation dimensions and
(ii) generates an instruction-conditioned con-
versation corpus. FlexEval then aggregates
dimension-level judgments into two comple-
mentary metrics: COVERAGE, which mea-
sures workflow progress, and ACHIEVEMENT,
which measures conditional correctness. We
evaluate the framework on nine multi-turn
target instructions spanning diverse scenario
categories and workflow topologies, across
nine contemporary LLMs over 3,888 gener-
ated dialogues. The results show that model
rankings and failure modes vary substantially
across target instructions, highlighting the need
for instruction-conditioned evaluation beyond
fixed aggregate benchmarks. Our source code
is publicly available at https://github.com/
Coryyy/FlexBench.

1 Introduction

As LLMs are increasingly deployed across diverse
scenarios, their behavior is often governed by con-
crete target instructions, such as standard operat-
ing procedures, state-machine-like policies, and
multi-step workflows. Recent evidence suggests
that such workflows become especially challenging
when procedures involve conditional control flow
and interdependent steps (Nandi et al., 2025). For
such applications, aggregate leaderboard perfor-
mance is often a weak proxy for whether a model
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Figure 1: Achievement across representative target in-
structions spanning different scenario categories and
workflow topologies. Bars denote average scores across
models, lines show model-specific scores, and dia-
monds mark the best-performing model for each instruc-
tion. The leading model changes across instructions.

can faithfully execute the particular instruction that
a practitioner intends to deploy. In practice, the
central question is not only “which model is best
overall?”, but more concretely, “which model best
follows this target instruction?”’

Figure 1 illustrates this gap. We compare repre-
sentative LLMs on several concrete target instruc-
tions instantiated from different application cate-
gories and workflow topologies. The average diffi-
culty differs across instructions, but more impor-
tantly, the relative strengths of models are not uni-
form: the best-performing model changes from one
target instruction to another. This pattern indicates
that model suitability is instruction-conditioned; a
single global ranking cannot reliably identify the
best model for a specific deployment instruction.

Existing instruction-following benchmarks pro-
vide valuable global signals for model compari-
son, including increasingly fine-grained evaluation
of constraints, compositional requirements, and
structured interaction settings (Zhou et al., 2023;
Qin et al., 2024; Jiang et al., 2024; Wen et al.,
2024; Zhang et al., 2025; Li et al., 2025; Qi et al.,
2025). Recent work has also moved beyond static
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evaluation sets by dynamically constructing bench-
marks (Shashidhar et al., 2025; Zhou et al., 2026;
Prem et al., 2026). However, these efforts typi-
cally generate evaluation items from documents,
interactive environments, or model-generated ques-
tions, and are not designed to evaluate whether a
model can faithfully execute a concrete target in-
struction that a practitioner intends to deploy. They
are therefore not designed to answer a comple-
mentary, deployment-oriented question: given a
new target instruction, how can we automatically
construct a faithful, fine-grained, and reproducible
benchmark tailored to that instruction itself?

We address this problem with FlexBench and
FlexEval, an instruction-conditioned evaluation
framework that instantiates a specialized bench-
mark from a user-provided target instruction.
Given a target instruction /, FlexBench automat-
ically derives a set of verifiable evaluation di-
mensions D(I) and synthesizes a dialogue cor-
pus C(I) that elicits the behaviors required by
that instruction. The resulting test suite is there-
fore specialized to I rather than selected from a
fixed task bank. FlexEval evaluates model traces
against these dimensions and aggregates the re-
sults into two complementary metrics: Coverage,
which measures whether required workflow steps
are exercised, and Achievement, which measures
whether conditionally applicable requirements are
satisfied once those steps are exercised. By us-
ing preconditions and mutually exclusive branches
during aggregation, FlexEval separates omission
failures from execution failures: a model may fail
to progress through the workflow, or it may attempt
the workflow but violate applicable conditional re-
quirements.

We evaluate FlexBench/FlexEval on nine multi-
turn target instructions organized along two com-
plementary axes: scenario category and work-
flow topology. We further validate FlexBench
against human-curated decompositions from es-
tablished instruction-following benchmarks (Qin
et al., 2024; Wen et al., 2024), assess FlexEval
with calibrated human annotations, and examine
robustness to dialogue rollout randomness, instruc-
tion reformulation, and pipeline-backend changes.
Together, these experiments show that instruction-
conditioned evaluation is both practically meaning-
ful and empirically reliable.

In summary, our contributions are threefold:

¢ We formulate instruction-conditioned eval-

uation as a complementary setting to fixed
instruction-following benchmarks: instead of
only asking which model performs best on
average, we ask which model most reliably
follows a target instruction.

* We propose FlexBench/FlexEval, an end-to-
end framework that instantiates an instruction-
specialized benchmark from a user-provided
target instruction by automatically deriving
verifiable dimensions, generating instruction-
aware dialogue corpora, and aggregating tri-
valued judgments with logic-aware Coverage
and Achievement metrics.

* We provide a comprehensive empirical val-
idation across diverse multi-turn target in-
structions, external human-curated decompo-
sitions, calibrated human judgments, and ro-
bustness analyses.

2 Related Work

Instruction-following evaluation has been studied
from increasingly fine-grained perspectives. IFE-
val (Zhou et al., 2023) introduced verifiable instruc-
tion checks, while FollowBench (Jiang et al., 2024)
further organized instruction constraints into multi-
ple fine-grained categories. ComplexBench (Wen
et al., 2024) focused on instructions composed of
multiple constraints and incorporated dependency
structures into evaluation, and CFBench (Zhang
et al., 2025) constructed a large-scale benchmark
of realistic user constraints. A related line of work
broadens instruction-following evaluation to richer
interaction structures and specialized settings. MT-
Bench-101 (Bai et al., 2024) and StructFlowBench
(Li et al., 2025) evaluates multi-turn dialogue in-
struction following, while AgentIF (Qi et al., 2025)
targets long and complex instructions in agentic
scenarios. Complementary efforts examine correct-
ness versus faithfulness in factual QA (Adlakha
et al., 2024), long-context instruction robustness
(Wu et al., 2025), and reasoning over structure-rich
text (Gu et al., 2025). Domain-specific benchmarks
further extend instruction-following evaluation to
interactive code generation (Wang et al., 2025),
compositional mathematical reasoning (Fu et al.,
2025), and expert-domain retrieval (Zhou et al.,
2025; Song et al., 2025).

Together, these works substantially improve
the granularity, structural coverage, and domain
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Figure 2: Overview of the FlexBench/FlexEval framework. FlexBench constructs an instruction-specialized
benchmark through dimension derivation and conversation generation, while FlexEval performs precondition-aware
judging and aggregates dimension-level judgments into Coverage and Achievement.

Work

Multi-turn Long procedural

Generated corpus Per-instruction suite Logic-aware eval.

InFoBench (Qin et al., 2024) - —
FollowBench (Jiang et al., 2024) - -

ComplexBench (Wen et al., 2024) - — - — i
CFBench (Zhang et al., 2025) — — - - _
StructFlowBench (Li et al., 2025) v - v - v
AgentlF (Qi et al., 2025) - - - _
FlexBench/FlexEval v v v T

Table 1: Comparison of representative instruction-following evaluation paradigms. t indicates dependency-based
aggregation over decomposed requirements. FlexBench/FlexEval differs from prior fixed evaluation resources by
instantiating a specialized evaluation suite from a target instruction, while jointly supporting multi-turn corpus
generation, procedural instructions, and logic-aware aggregation.

breadth of instruction-following evaluation. How-
ever, they are primarily instantiated as fixed
evaluation resources with predefined instructions.
FlexBench/FlexEval addresses a complementary
setting: rather than providing another fixed eval-
uation resource, it instantiates an instruction-
specialized benchmark from a user-provided target
instruction. Table 1 summarizes this positioning
relative to representative prior work.

3 FlexBench: Instruction-Specialized
Benchmark Construction

As shown in Figure 2, FlexBench constructs an
instruction-specialized evaluation suite from a user-
provided seed instruction. Given an instruction I,

FlexBench outputs B(I), consisting of (i) a set
of verifiable evaluation dimensions and (ii) a con-
versation corpus designed to elicit the behaviors
required by [:

I FLEXBENCH B(I) _ (D,C),
D={d}i2,, C={g}}L

Unlike a fixed task bank, B([) is instantiated on
demand from the target instruction itself, so that
subsequent evaluation is tailored to the specific
requirements, branches, and interaction patterns
encoded in .

ey

Two-stage pipeline. FlexBench is fully auto-
mated and contains two modules: (1) Dimension
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derivation, which converts I into D; and (2) Con-
versation generation, which synthesizes C to ex-
ercise instruction-relevant behaviors in interactive
settings. The resulting B(I) = (D,C) serves as
an instruction-specialized test suite for evaluating
whether models faithfully follow I.

3.1 Dimension Derivation

Dimension interface. FlexBench derives dimen-
sions that can be evaluated from a conversation
trace 7. Each dimension d; is an instruction-local
compliance signal: it corresponds to one require-
ment, or a small set of tightly related requirements,
rewritten as an entity-explicit and observable crite-
rion. For each d;, we produce: (i) a verifiable crite-
rion specifying the behavior to be checked, and (ii)
when needed, an optional precondition describing
when that criterion becomes applicable. Thus, a
dimension-level result will not be interpreted as
a standalone measure of general model capability,
but as evidence of whether the model satisfies a
specific requirement of the target instruction.

Operational pipeline. We implement dimension
derivation as a structured process with four stages.
Prompt templates are provided in Appendix B.

1. Instruction segmentation: split / into non-
overlapping requirement units that capture
behaviorally relevant content.

2. Criterion generation: rewrite each require-
ment unit into an explicit, conversation-
observable evaluation criterion, while preserv-
ing conditional dependencies.

3. Coverage verification: check whether the
current dimension set captures the core re-
quirements of I.

4. Targeted modification: revise the dimension
set when verification identifies missing re-
quirements, unclear wording, overly broad
criteria, or incomplete conditional dependen-
cies.

Derivation properties. The pipeline is designed
to produce dimensions that are complete with re-
spect to the source instruction, faithful to its stated
requirements, non-redundant, and evaluable from
conversation traces. We empirically assess these
properties in Section 5.3.

3.2 Conversation Generation

Given the target instruction /, FlexBench synthe-
sizes a conversation corpus C(I) = {cj}j]\il us-
ing a user simulator. The goal is to expose the
evaluated model to diverse, instruction-relevant
interaction trajectories. The simulator is condi-
tioned on the instruction context and user-profile
controls. Conversation-generation details, includ-
ing user-profile distribution, backend settings, and
simulator separation from evaluation dimensions,
are provided in Appendix A.

User simulator. We first define a small collec-
tion of meta-profiles that capture stable interaction
styles, such as different levels of user cooperative-
ness, information disclosure, and problem-solving
behavior. Since user-simulation quality affects in-
teractive evaluation (Naous et al., 2025), we com-
bine these profile controls with instruction-specific
background that adapts the simulator to the corre-
sponding task context.

Rollout. For each conversation c;, we sample
an interaction between an evaluated model f and
an instruction-adapted simulator U I(k), where k in-
dexes the selected meta-profile and z; is the rollout
seed:

¢; ~ Rollout (f, Ul(k); zj> . 2)

Generation properties. The generated corpus
is designed to be instruction-grounded, diverse,
and reproducible. Instruction grounding ensures
that dialogues surface the behaviors, branches, and
decisions implied by the target instruction I. Diver-
sity is introduced through non-deterministic user
simulation and rollout seeds, which exercise differ-
ent paths of the same instruction. Reproducibility
is maintained through controlled interaction trajec-
tories, and its effect is evaluated in Section 5.5.

4 FlexEval: Coverage and Achievement

FlexEval aggregates per-dimension judgments into
instruction-level scores. It separates two common
failure modes in instruction following: (i) skipping
required steps and (ii) making mistakes when
an applicable step is exercised. Accordingly, we
report two complementary metrics: COVERAGE
and ACHIEVEMENT.

4.1 Tri-valued Judging and Logic Groups

Let D be the derived dimensions (Section 3.1)
and C(I) the conversation corpus for instruction
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I (Section 3.2). For each trace 7 € C(I) and
dimension d € D, FlexEval assigns s4(7) €
{yes, no, unknown}. Here, yes means the require-
ment is satisfied, no means it is applicable but not
satisfied, and unknown means the trace lacks suffi-
cient evidence or the relevant precondition is not
triggered.

To respect conditional structure, FlexEval orga-
nizes dimensions into logic groups, each consisting
of a base action and its dependent branch require-
ments. Base actions measure workflow progress,
while dependent branches measure correctness un-
der activated conditions. Mutually exclusive or
inactive branches are marked as unknown and ex-
cluded from correctness aggregation, rather than
being counted as failures. Logic-group extraction
and formal aggregation details are provided in Ap-
pendix C.

4.2 Metrics

Coverage (workflow exposure). Coverage mea-
sures whether the model attempts the required base
actions, regardless of correctness. Let By be the
number of base-action instances judged yes or no,
and let B, be the total number of base-action in-

stances:
Batt

Ban
Low Coverage indicates that required workflow

steps are skipped or not evidenced in the interac-
tion.

Coverage(I) = (3)

Achievement (conditional correctness).
Achievement measures correctness once relevant
requirements become applicable. Let Rycs be the
number of applicable branch instances judged yes,
and let R, be the number of applicable branch
instances judged yes or no:

Ryes

Achievement(/) = 7
att

4

If Ratt = 0, we report n/a.

Why two metrics? Coverage and Achievement
provide complementary views of instruction fol-
lowing. Coverage measures whether the workflow
units are exercised, whereas Achievement mea-
sures whether applicable requirements are satisfied
once they become observable in the dialogue. In
relatively linear workflows, low Coverage is consis-
tent with skipped or unevidenced steps. In highly
branched workflows, however, a finite corpus of

FastRun
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%7
FlexBench

9 seed instructions

c2
- :
Workflow topology
m Cl1 Linear progressive SOP C4 Nested stepwise guidance

C2 Binary branch/rejoin m C5 Interruption/FAQ/recovery
= C3 Multi-way routing

Figure 3: Taxonomy of the nine multi-turn seed instruc-
tions used in our experiments. The inner ring groups
instructions by scenario category, the middle ring lists
individual seed instructions, and the outer ring indicates
their workflow-topology patterns.

simulated users may fail to trigger some condi-
tional branches, so low Coverage may also reflect
limited branch exposure rather than failure to exe-
cute every corresponding requirement.

Reporting both metrics therefore separates
workflow-exposure gaps from conditional-
correctness failures.  Achievement is more
interpretable when Coverage is high, while low
Coverage indicates that Achievement should not
be interpreted as a complete assessment of the
entire workflow. A concrete example is provided
in Appendix D.

5 Experiments

5.1 Experimental Setup

Seed instruction suite. We instantiate
FlexBench/FlexEval on nine multi-turn seed
instructions. To ensure diversity beyond a single
application setting, we organize the instruction
suite along two complementary axes. Figure 3
summarizes this taxonomy.

Models under evaluation. We evaluate 9 LLMs:
GPT-4.1, GPT-4.1-mini, and GPT-4.1-nano (Ope-
nAl, 2025); Claude Sonnet 4.5 (Anthropic, 2025);
Gemini 2.5 Pro (Comanici et al., 2025); Qwen3-
235B-A22B (Yang et al., 2025); GLM-4.5 (Zeng
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et al., 2025); DeepSeek-V4-Pro (DeepSeek, 2026);
and Doubao-Seed-2.0-Pro (ByteDance, 2026).

Benchmark construction and evaluation back-
end. LLM-driven components of FlexBench and
FlexEval are instantiated with fixed backend mod-
els: (1) dimension derivation (SEGMENTATION —
CRITERIA — VERIFICATION — MODIFICATION),
(2) logic extraction for precondition groups and
mutual-exclusion patterns, and (3) per-dimension
tri-valued judging used by FlexEval are all per-
formed with Claude Opus 4.6 (Anthropic, 2026),
running with temperature 0.

Dialogue rollouts and decoding settings. For
each seed instruction and tested model, we gen-
erate 48 multi-turn dialogues, yielding 3,888 di-
alogues in total. The tested models use their
provider-specific default decoding settings. De-
tailed backend settings are provided in Ap-
pendix A.

5.2 Main Results

FlexEval reports both COVERAGE and ACHIEVE-
MENT. Table 3 reports the model-by-seed
ACHIEVEMENT scores, while Table 2 provides
a compact joint view of mean COVERAGE and
ACHIEVEMENT for each seed. Coverage is close
to saturation for most seeds, but the branch-heavy
3PL workflow is an important exception. We there-
fore interpret COVERAGE as a workflow-exposure
diagnostic and ACHIEVEMENT as correctness over
the requirements that become applicable in the ob-
served dialogues.

Table 3 presents Achievement scores across
the nine multi-turn seed instructions, grouped
into business, academic, and personal scenarios.
Claude Sonnet 4.5 has the highest point-estimate
mean Achievement (0.508), but this point estimate
does not establish a definitively separated over-
all winner. The ranking is not uniform across in-
structions: different models show distinct strengths
across scenarios and individual seeds, and models
with similar average scores can exhibit noticeably
different performance profiles.

To quantify within-seed uncertainty, we resam-
ple the 48 dialogue-level outcomes with replace-
ment and bootstrap the best-vs. runner-up Achieve-
ment difference. The resulting bootstrap intervals
include zero for eight of the nine seeds; Course
is the only seed with a positive interval (10.0 per-
centage points, 95% bootstrap interval [0.3, 19.6]).
These intervals quantify dialogue-level sampling

Seed Achievement (%) Coverage (%) Uncovered (%)
FastRun 23.1 100.0 0.0
3PL 41.6 26.3 73.7
Course 34.6 98.2 1.8
Exam 57.8 100.0 0.0
IT 454 99.3 0.7
2FA 53.3 99.5 0.5
Museum 63.4 88.1 11.9
Travel 48.9 100.0 0.0
ConfReg 48.2 99.9 0.1

Table 2: Joint seed-level view of mean ACHIEVEMENT
and mean COVERAGE, averaged over the nine evaluated
models. ACHIEVEMENT measures correctness over ap-
plicable requirements, whereas COVERAGE diagnoses
workflow exposure.

uncertainty under the realized generation setup,
rather than variation from regenerating an entirely
new dialogue corpus. The complete per-seed re-
sults are reported in Appendix F. We therefore
interpret the results as showing that point-estimate
leaders and failure profiles vary across target in-
structions, while most best-vs. runner-up gaps re-
main statistically close.

The seed-wise results also reveal clear differ-
ences in instruction difficulty. Museum Book-
ing and Exam Rescheduling yield relatively high
Achievement across models, whereas FastRun and
Course Support are more challenging. These dif-
ferences show why a single aggregate score can
obscure instruction-specific difficulty and model-
specific variation. The relevant question is there-
fore not only which model performs better on av-
erage, but also which model is more reliable for a
particular target instruction and whether its appar-
ent advantage is sufficiently separated under the
available evaluation evidence.

5.3 Instruction Decomposition

We next evaluate whether FlexBench recovers ex-
ternally curated instruction-following constraints.
We use two established benchmarks with human-
provided decomposition references: the 248 in-
structions in the InFoBench Hard set and an
instruction-following subset of ComplexBench.
For ComplexBench, we exclude translation-style
prompts and generic quality criteria that do not
correspond to explicit instruction-following con-
straints. This yields 448 external benchmark in-
structions paired with human-provided reference
decompositions. Additional details on matching
variants, preference criteria, and mismatch adjudi-
cation are provided in Appendix E.
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Business Academic Personal Overall

Model FastRun 3PL Course Exam IT 2FA Museum Travel ConfReg Avg. Std.

Claude Sonnet 4.5 0.279 0.504 0.468 0.603 0436 0.542  0.703 0.514 0.525 0.508 0.110
DeepSeek-V4-Pro 0.227 0474 0360 0.581 0460 0.561 0.671 0.494 0475 0478 0.121
Doubao-Seed-2.0-Pro  0.253 0426 0.358 0.623 0.467 0.563 0.674 0.468 0.463 0477 0.122
GPT-4.1 0203 0458 0.368 0.604 0.496 0.553 0.617 0.491 0496 0476 0.120
Gemini 2.5 Pro 0211 0.524 0.336 0576 0495 0.540 0.601 0.497 0.500 0476 0.117
GPT-4.1-mini 0263  0.392 0.368 0.579 0470 0.518 0.673 0.518 0.467 0472 0.114
Qwen3-235B-A22B 0.234 0.348 0.343 0.537 0459 0.530 0.564 0.529 0.515  0.451 0.108
GLM-4.5 0.135 0403 0.322 0528 0.396 0.509 0.638 0.429 0467 0425 0.133
GPT-4.1-nano 0.276 0214 0.186 0.567 0.407 0.478  0.567 0.463 0434  0.399 0.135

Table 3: Main results across nine instruction-conditioned multi-turn evaluation suites. Scores are ACHIEVEMENT
judged by Claude Opus 4.6. Seed instructions are grouped by scenario category. Avg. and Std. are computed across
the nine seeds. Best and second-best results in each column are shown in bold and underlined respectively.

Semantic recovery against human decomposi-
tions. We assess the semantic alignment between
FlexBench decompositions and human references
using SBERT cosine matching. Specifically, each
FlexBench dimension is matched to its most sim-
ilar human reference item, and vice versa. As
shown in Table 4, FlexBench achieves an overall
semantic recovery F1 of 80.0 across the 448 ex-
ternal instructions, with 79.5 precision and 80.6
recall. At the same time, the overall granularity
ratio of 1.160 indicates that FlexBench produces
moderately finer-grained decompositions than the
human references, rather than simply reproducing
them verbatim.

Preference-based validation. Semantic recov-
ery alone does not capture whether a decomposi-
tion is useful for evaluation. We therefore conduct
arandomized A/B comparison between FlexBench
and human decompositions using GPT-5.4 (Ope-
nAl, 2026) as an independent judge. Overall,
FlexBench is preferred in 75.0% of cases. The
advantage is strongest on evaluation suitability
and atomicity/granularity, showing that FlexBench
tends to produce dimensions that are more directly
usable as evaluation criteria and more fine-grained
for diagnosing model behavior.

Interpreting low-similarity and extra dimen-
sions. We further analyze low-similarity matches
and additional FlexBench dimensions that are not
matched to any human reference item. Among low-
similarity cases, only 3.1% are true FlexBench
misses. Moreover, 21.6% of the additional
FlexBench dimensions are judged to be valid con-
straints omitted by the human references. These
results indicate that FlexBench does more than

Benchmark N P R F1 Gran.
InFoBench 248 83.9 852 84.5 1.139
ComplexBench 200 70.6 71.7 71.1 1.186

All 448 79.5 80.6 80.0 1.160

Table 4: External semantic recovery of FlexBench de-
compositions against human reference decompositions
from InFoBench and ComplexBench. P, R, and F1 are
computed using SBERT cosine best-match alignment;
Gran. denotes | Dyex|/| Dhuman|-

Benchmark Flex Win  Human Win Tie
InFoBench 64.9% (161) 33.1% (82) 2.0% (5)
ComplexBench 87.5% (175) 11.5% (23) 1.0% (2)
All 75.0% (336) 23.4% (105) 1.6% (7)
Table 5: GPT-5.4 pairwise preference between

FlexBench and human instruction decompositions.

recover existing human decompositions: it can pro-
duce more atomic and evaluation-oriented dimen-
sions that expose instruction-following require-
ments left implicit or under-specified in human
references.

5.4 Reliability of FlexEval

To assess the reliability of the main FlexEval judge,
we construct a human meta-evaluation set over
the three business scenarios, three tested models,
and 40 dialogues for each scenario—model pair,
yielding 360 dialogues and 8,880 dimension-level
judgment instances. We employ three trained an-
notators and use a binary checklist interface: anno-
tators judge whether each applicable requirement
is satisfied, while conditional dependencies are
deterministically mapped back to the tri-valued
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Scenario Human-Judge Agreement
FastRun 88.02%

3PL Caller 86.25%

Course Support 87.63%

Overall Cohen’s k 0.772

Table 6: Human validation of the Claude Opus 4.6
FlexEval judge. We report dimension-level agreement
with human annotations and overall Cohen’s «.

FlexEval label space of yes/no/unknown. Before
full annotation, the annotators complete a pilot
round on 10 dialogues covering roughly 100 di-
mensions, followed by scenario-specific calibra-
tion until their agreement with reference annota-
tions exceeds 95%. As shown in Table 6, agree-
ment between calibrated human labels and the
Claude Opus 4.6 judge ranges from 86.25% to
88.02% across scenarios, with an overall three-
label Cohen’s x of 0.772. These results support
both the reliability of the main automatic judge
and the evaluability of the dimensions produced by
FlexBench.

5.5 Robustness Analysis

Robustness is especially important in multi-turn
settings, where recent work shows that LLMs can
degrade substantially relative to single-turn set-
tings and may fail to recover after early conversa-
tional mistakes (Laban et al., 2025). We further ex-
amine the robustness of FlexBench/FlexEval from
three perspectives: stability under stochastic dia-
logue rollouts, sensitivity to reformulations of the
seed instruction, and robustness to changing the
LLM backend used by the construction/evaluation
pipeline. Detailed robustness tables and backend-
correlation plots are provided in Appendix F.

5.5.1 Self and Cross-model Consistency

We first assess whether dialogue simulation ran-
domness materially affects the evaluation outcome.
Using Travel Change as the seed instruction, we
independently generate five dialogue corpora for
each model, with 48 dialogues per corpus. We
evaluate five representative models: Claude Son-
net 4.5, GPT-4.1-mini, GPT-4.1, GPT-4.1-nano,
and GLM-4.5. Figure 4(a)—(d) summarizes the
results.

Coverage is nearly saturated across corpora and
models. Achievement shows larger but still modest
variation: the mean absolute within-model devia-
tion is 0.88 percentage points, and the 95% limits

of agreement are [—2.15, 2.15] percentage points.
The broad cross-model performance pattern is also
preserved across corpora, with stronger and weaker
model groups remaining largely stable. These re-
sults indicate that FlexEval provides a stable ag-
gregate evaluation signal under dialogue rollout
randomness.

5.5.2 Sensitivity to Seed Reformulation

We next examine whether FlexBench/FlexEval re-
mains stable when the same seed instruction is ex-
pressed in different forms. Using Travel Change,
we keep the dialogue corpus fixed for each model
and vary only the evaluation seed and the resulting
decomposed dimensions. In the main analysis, we
consider two reformulations: a format-only vari-
ant and a lexical-rewrite variant. Both variants
preserve the overall dimension count and remain
semantically close to the original decomposition.

5.5.3 Pipeline-Backend Robustness

Finally, we examine whether the aggregate conclu-
sions depend on using a single LL.M backend for
the FlexBench/FlexEval pipeline. In addition to
the main Claude Opus 4.6 pipeline, we rerun the
LLM-driven construction and evaluation pipeline
with GPT-5.4 and Gemini 3.1 Pro Preview (Google,
2026). Across the nine tested models, model-level
average Achievement remains highly correlated
across backends: Claude vs. GPT-5.4 obtains a
Spearman rank correlation of 0.917 and Pearson
score correlation of 0.984, while Claude vs. Gem-
ini 3.1 Pro obtains 0.883 and 0.976, respectively.
These results suggest that the main model-level
conclusions are not an artifact of a single construc-
tion/evaluation backend.

Computational cost and scalability. For the
main 9-seed, 9-model, and 48-dialogue-per-cell
experiment, token usage averages 10.2k input and
4.2k output tokens for construction per seed, 13.1k
input and 1.5k output tokens for dialogue gener-
ation per dialogue, and 1,112 input and 159 out-
put tokens for each dimension—dialogue judgment.
The experiment contains 9 x 48 x 140 = 60,480
dimension—dialogue judgments. The judging stage
scales linearly with the number of models, dia-
logues, and derived dimensions, and individual
judgments can be parallelized. Detailed token us-
age is reported in Appendix F, Table 19.
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Figure 4: Robustness analyses of FlexBench/FlexEval. Panels (a)—(d) examine self and cross-model consistency
across five independently generated dialogue corpora for each model. Panels (e)—(f) report changes in Coverage

and Achievement under instruction reformulations.

6 Conclusion

We introduced FlexBench and FlexEval, an
instruction-conditioned evaluation framework that
instantiates a specialized test suite from a tar-
get instruction. FlexBench derives verifiable
evaluation dimensions and generates instruction-
conditioned dialogue corpora, while FlexEval ag-
gregates dimension-level judgments into COVER-
AGE and ACHIEVEMENT to separate workflow
progress from conditional correctness. Across di-
verse multi-turn seed instructions and contempo-
rary LLMs, our results show that model strengths
vary substantially across target instructions, sup-
porting the need for instruction-conditioned evalu-
ation rather than relying only on static aggregate
rankings.

Limitations

FlexBench/FlexEval is designed for instruction-
conditioned evaluation, so its scores should be
interpreted as compliance with a specific target
instruction rather than as a universal measure of
general model capability. The quality of the in-
stantiated test suite therefore depends on the clar-
ity and specificity of the seed instruction; highly
ambiguous, underspecified, or strongly interdepen-
dent requirements may be difficult to decompose

into verifiable dimensions.

In addition, although FlexBench/FlexEval miti-
gates backend dependence through external decom-
position validation, calibrated human judgments,
and pipeline-backend robustness experiments, the
framework still relies on LLM-driven construc-
tion and judging. Prior work shows that LLM
judges can be sensitive to perturbations and sys-
tematic biases, including position bias (Chen et al.,
2024; Shi et al., 2025). Future work will further
explore stronger judge calibration, multi-backend
consensus, real-user validation, multimodal traces,
and more complex dependency structures in long-
horizon workflows.
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A Experimental Assets and Setup

This appendix summarizes the seed instructions,
backend settings, and conversation-generation
setup used in the main experiments.

A.1 Seed Instruction Suite

Table 7 summarizes the nine multi-turn seed in-
structions used in the main experiments. The

suite covers three scenario categories and multiple
workflow-topology patterns, matching the taxon-
omy in Figure 3. Topology labels are defined as
follows: C1 = linear progressive SOP, C2 = binary
branch/rejoin, C3 = multi-way routing, C4 = nested
stepwise guidance, and C5 = interruption/FAQ/re-
covery. These labels are used only to characterize
the seed suite; FlexBench does not take them as
input.

A.2 Backend Models and Decoding Settings

Table 8 lists the backend models used by the LLM-
driven components of FlexBench/FlexEval. The
main experiments use Claude Opus 4.6 for di-
mension derivation, logic extraction, and FlexEval
judging. For pipeline-backend robustness, we ad-
ditionally rerun these three construction/evaluation
components with GPT-5.4 and Gemini 3.1 Pro
Preview. User simulation and completion detec-
tion are kept fixed. The tested models use their
provider-specific default decoding settings; we do
not override their temperatures.

All LLM-driven construction and evaluation
stages are executed automatically with fixed
prompts and programmatic wrappers. For dimen-
sion derivation, the verification—modification loop
is repeated until the verifier returns complete or
the retry budget is exhausted. The completion de-
tector is used only to decide whether a dialogue
should stop; it is not used to score model behav-
ior. Full pipeline-backend robustness results are
reported in Appendix F.

A.3 Conversation Generation Setup

For each seed instruction and tested model,
FlexBench generates 48 multi-turn dialogues using
a fixed user-profile distribution over cooperation
scores: 7 dialogues with score 1, 12 with score 2,
12 with score 3, 12 with score 4, and 5 with score 5.
With nine seed instructions and nine tested models,
the main experiment contains 9 X 9 x 48 = 3,888
dialogues.

The simulator receives the seed instruction, di-
alogue history, and a selected user profile. It
does not receive the derived evaluation dimen-
sions, logic groups, or model scores. This sep-
aration helps ensure that generated user turns elicit
instruction-relevant behavior without directly re-
vealing the evaluation criteria. Rollouts terminate
when the task is completed, when the simulator
ends the interaction, or when the maximum turn
limit is reached.
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Seed Scenario Topology = Words Sent. #Dims
FastRun Business Cl1/C2 351 26 8
3PL Business C3/C2/C5 848 130 42
Course  Business C4/C2/C3/C5 353 37 24
Exam Academic C2 207 20 9
IT Academic C3 222 23 12
2FA Academic C4/C2 250 33 10
Museum Personal Cl1 245 26 12
Travel Personal C3/C2 310 26 13
ConfReg Personal C5/C2 256 22 10
Total - - 3,042 343 140

Table 7: Statistics of the nine seed instructions used
in the main multi-turn experiments. Sent. denotes
sentence-like instruction units, and #Dims denotes the
number of final FlexBench evaluation dimensions.

B Prompt Templates

This section summarizes the prompt templates
used in the dimension derivation pipeline. The
pipeline uses four prompts: instruction segmen-
tation, criteria generation, dimension-set verifica-
tion, and targeted modification. Bracketed fields
such as [[INSTRUCTION]] and [[DIMENSIONS]]
are filled programmatically.

Prompt A: instruction segmentation. This
prompt converts an assistant instruction into be-
haviorally relevant requirement units.

You are given a fully specified instruction for a
conversational Al assistant. Identify requirement
units that describe observable assistant behavior
or concrete task constraints. Each unit should
capture one coherent requirement that can later
be converted into an evaluation dimension.

Return valid JSON only, using this format:
[{"segment”: "..."}, ...]

Rules: (1) Requirement units should be non-
overlapping. (2) Preserve the core behavioral
requirements of the instruction. (3) Do not split
a single coherent action into unnecessary frag-
ments. (4) Focus on observable conversation be-
havior, communication patterns, branching con-
ditions, and concrete requirements that can be
checked from generated dialogues. (5) Do not
add requirements that are not supported by the
instruction.

Instruction: [[INSTRUCTION]]

Prompt B: criteria generation. This prompt
rewrites requirement units into conversation-
observable evaluation criteria.

You are given an assistant instruction and its seg-
mented requirement units. Convert each segment
into an evaluation criterion for judging whether a
generated conversation follows the instruction.

Return valid JSON only.

Rules: (1) Every criterion must be grounded in
the instruction and the corresponding segment.

(2) Do not introduce new entities, numbers, for-
mats, policies, or constraints. (3) If a requirement
is conditional, make the condition explicit using
“if” or “when”. (4) Replace vague step references
with concrete observable actions. (5) Preserve
recommended scripts or required phrasings when
they are explicitly specified. (6) Each criterion
should be answerable from the conversation tran-
script.

Instruction: [[INSTRUCTION]]
Segments: [[SEGMENTS]]

Prompt C: dimension-set verification. This
prompt checks whether the derived dimension set
covers the instruction’s core observable require-
ments.

You are given an assistant instruction and a list of
derived evaluation dimensions. Check whether
the dimensions cover the instruction’s core ob-
servable requirements.

If the dimensions are sufficient, return:

{"coverage": "complete"}

If important requirements are missing or
under-specified, return: {"coverage":
"incomplete”, "missing_segment”:

n " }

Rules: (1) Consider only requirements grounded
in the instruction. (2) Focus on requirements that
would affect evaluation of generated conversa-
tions. (3) Do not require dimensions for irrele-
vant formatting or structural text unless it changes
assistant behavior. (4) Return valid JSON only.

Instruction: [[INSTRUCTION]]
Dimensions: [[DIMENSIONS]]

Prompt D: targeted modification. This prompt
revises the dimension set using verifier feedback
while preserving the output schema.

You are given an assistant instruction, the current
evaluation dimensions, and verification feedback.
Revise the dimension set only as needed to ad-
dress the feedback.

Return the complete revised JSON only.

Rules: (1) Add missing dimensions when core ob-
servable requirements are uncovered. (2) Clarify
dimensions that are vague, overly broad, or miss-
ing necessary conditions. (3) Preserve ground-
ing to the original instruction. (4) Complete ex-
plicit conditional dependencies when needed. (5)
Avoid adding unsupported requirements or ex-
panding the evaluation scope. (6) Preserve the
existing JSON schema.

Instruction: [[INSTRUCTION]]
Current dimensions: [[CURRENT_DIMENSIONS]]

Verification feedback:

[[VERIFICATION_FEEDBACK]]

The verification—modification loop is repeated
until the verifier returns complete or the retry bud-
get is exhausted. If the retry budget is reached, the
pipeline returns the latest revised dimension set.
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Component Main backend Alternative pipeline backends  Temp.
Dimension derivation Claude Opus 4.6 GPT-5.4; Gemini 3.1 Pro Preview 0; retry 4-0.05
Logic extraction Claude Opus 4.6 GPT-5.4; Gemini 3.1 Pro Preview 0

FlexEval judge Claude Opus 4.6 GPT-5.4; Gemini 3.1 Pro Preview 0

User simulator
Completion detector
Tested models

Qwen-Max
Provider APIs

Gemini 3.1 Pro Preview —

0.7
0.1
Default

Table 8: Backend models and decoding settings. The main experiments use Claude Opus 4.6 for dimension
derivation, logic extraction, and FlexEval judging. For pipeline-backend robustness, the construction/evaluation
backend is switched as a whole to GPT-5.4 or Gemini 3.1 Pro Preview. User simulation and completion detection

are kept fixed.

C Logic Group Extraction and Formal
Aggregation

This appendix describes how FlexEval extracts
logic groups from derived dimensions and how the
formal aggregation of COVERAGE and ACHIEVE-
MENT is computed.

C.1 Logic Group Extraction

Given a set of derived dimensions D, FlexEval
identifies precondition-based logic groups. Each
group contains a base action and the branch re-
quirements that become applicable only after the
base action is attempted. This structure is used
to distinguish workflow progress from conditional
correctness.

Output schema. The logic extractor returns a
list of groups in the following format:

{

"logic_groups”: [

{

"base_action": "...",
"branches”: [

{"dimension": "o, "condition”:
"o0U"Y,

]

}

]

}

Logic extraction prompt. We use the following
prompt template to identify base actions, condi-
tional branches, and mutually exclusive alterna-
tives.

You are given a list of evaluation dimensions used
to assess whether an assistant follows an instruc-
tion.

Identify groups of dimensions that form condi-
tional logic structures. Each group should con-
tain: (1) a base action that triggers a branch or
downstream requirement, and (2) the branch di-
mensions that become applicable only under spe-
cific outcomes or conditions of that base action.

Focus on: - if/else or when/not-when conditions;
- success/failure, yes/no, visible/not-visible, avail-
able/unavailable branches; - multi-way routing
among alternative user states or tools; - mutually
exclusive alternatives under the same scenario.

Rules: 1. Use only dimensions from the provided
list. 2. Do not invent new dimensions or con-
ditions. 3. Do not mark sequential actions as
mutually exclusive. 4. Do not group dimensions
unless they share the same underlying scenario
or base action. 5. If no clear base action exists,
return an empty group.

Return valid JSON only.
Dimensions: [[DIMENSIONS]]

C.2 Formal Aggregation

Let C(I) be the conversation corpus for instruction
I. For compactness, we write the three verdict
labels as y = yes, n = no, and u = unknown. For
each dimension d, let sq(7) € {y,n,u} denote its
verdict on trace 7.

For a verdict v € {y,n,u}, define the corpus-
level count:

No(d) = > TI[sq(r) =]. 5)
TeC(I)
A dimension is considered attempted when it is
judged y or n:
Natt(d) = Ny(d) + Ny (d). ©6)
Let G be the set of extracted logic groups. Each
group g € G contains a base action b, and a set of

dependent branch dimensions R,. We define the
set of base actions and branch dimensions as:

B={by:g9€g}. 7
R=|JR, (8)
geg

For each branch dimension r € R, let b(r) de-
note its associated base action. We use a,(7) to
indicate whether branch r is active on trace 7:

aT(T) = H[Sb(’r‘) (7—) < {y7n}] ©)
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The gated count for branch verdict v € {y,n} is:

No(r)= > ar(MI[s,(r) =v].  (10)
TeC(I)
Coverage. Coverage measures whether required

base actions are exercised. We define:

Bt = Y Naut (D). (11)
beB
Bai =Y (Ny(b) + Na(b) + No(b).  (12)
beB
Then:
Batt
Coverage(I) = . (13)
Ban
Achievement. Achievement measures correct-
ness over applicable branch requirements. We de-
fine: B
Ry =Y Ny(r). (14)
reR
Rut = Y _(Ny(r) + No(r)).  (15)
reR
Then:
. R,
Achievement(]) = —. (16)
Ratt

If Rat = 0, we report n/a.

Inactive and mutually exclusive branches. If a
branch precondition is not triggered, its verdict is
treated as v and excluded from the Achievement
denominator. For mutually exclusive alternatives,
only the branch activated by the observed dialogue
contributes to correctness aggregation. This pre-
vents models from being penalized for require-
ments that are logically inapplicable to the current
interaction.

D Case Study

We provide an end-to-end case study using the Mu-
seum seed instruction. The example illustrates
how FlexBench derives evaluation dimensions
from a target instruction, how FlexEval respects
conditional branches, and how COVERAGE and
ACHIEVEMENT are computed from tri-valued judg-
ments.

End-to-end pipeline. Table 9 summarizes the
full pipeline for one dialogue. The seed instruction
asks the assistant to help a user prepare a guided
group-visit request by confirming booking intent,
collecting visit and contact information, explaining
the five-day advance-request rule, summarizing the
request, and closing politely.

Dialogue excerpt. The following excerpt shows
the relevant interaction:

Assistant: May I first confirm whether you are
planning a guided visit for a group?

User: Yes, that’s right.

Assistant: What is your preferred visit date?
User: We’re planning for the 15th of next month.
Assistant: How many people are you expecting
in your group?

User: About 30 people.

Assistant: Is your group from a school, company,
or another type of organization?

User: We’re a company.

Assistant: Guided group visits should be re-
quested at least five days in advance. Since the
15th of next month is more than five days away,
your date works well. May I have a contact name?

User: My name is Alex.

Assistant: I just need your email address for the
museum staff to send you the booking confirma-
tion.

User: My email is alex@company.com.

Assistant: You’re requesting a group visit for
about 30 people from a company on the 15th of
next month, and we’ll contact you at alex @com-
pany.com. Museum staff will review your request
and reply by email with next steps. Thank you,
and have a great day!

Verdict summary. Table 10 summarizes the
dimension-level verdicts. Most applicable require-
ments are satisfied, but the final summary omits the
contact name, yielding one no. Two conditional
dimensions are marked unknown because their pre-
conditions are not triggered.

Resulting scores. In this dialogue, 10 of the 12
dimensions are applicable, and 9 of those applica-
ble dimensions are satisfied:

1
Coverage = £ = 83.3%. (17)
. 9
Achievement = 0° 90.0%. (18)

This example illustrates the role of tri-valued judg-
ments: inactive branches are not penalized, while
genuine omissions in applicable requirements are
still counted as failures.

E External Decomposition Validation

This appendix provides additional details for
the external decomposition validation in Sec-
tion 5.3. We compare FlexBench dimensions
against human-curated reference decompositions
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Stage

Case-specific artifact

Interpretation

Seed instruction
(excerpt)

Segmentation (ex-
amples)

Dimension deriva-
tion (examples)

Logic grouping

Dialogue rollout

Tri-valued judging

Aggregation

Museum guided group-visit booking assistant. The
assistant should confirm booking intent, collect the
visit date, group size, organization type, contact
name, and email, explain the five-day rule, summa-
rize the request, and close politely.

Prompt A segments the instruction into requirement
units, such as: (i) ask for a contact name; (ii) ask
for an email address for follow-up confirmation;
(iii) if the preferred date is less than five days away,
warn that confirmation may not be guaranteed and
suggest an alternative date.

The selected segments become checkable dimen-
sions: D8 asks whether the conversation requests
a contact name; D9 asks whether it requests a
follow-up email address; D7 checks the short-
notice branch. FlexBench derives 12 dimensions in
total.

D2 is gated by booking intent and applies only if
the user is not planning a guided visit. D7 is gated
by the visit date and applies only if the date is less
than five days away. The remaining dimensions
form the main collection and closure flow.

The user confirms a guided visit, provides the 15th
of next month, about 30 people, a company organi-
zation type, the contact name Alex, and the email
alex@company.com.

D1, D3-D9, and D11-D12 are judged yes; D10 is
judged no; D2 and D7 are judged unknown.

10 of 12 dimensions are applicable, and 9 of the 10
applicable dimensions are satisfied.

The target instruction defines the workflow to
be evaluated.

The instruction is decomposed into behaviorally
relevant clauses before being converted into
evaluation dimensions.

The long instruction is transformed into
conversation-observable criteria. The verifi-
cation/modification step also refines D10 so
that the final summary must include the contact
name, which was collected earlier in the flow.

Conditional branches are represented explic-
itly instead of being treated as ordinary failures
when inactive.

The dialogue exercises the main booking flow
but does not trigger the general-question branch
or the short-notice branch.

Most applicable requirements are satisfied. The
final summary omits the contact name, while
inactive branches are not penalized.
COVERAGE measures exercised workflow re-
quirements, while ACHIEVEMENT measures
correctness over applicable requirements.

Table 9: End-to-end Museum case study. The table shows representative excerpts from the seed instruction,
segmentation output, derived dimensions, logic grouping, dialogue rollout, tri-valued judgments, and aggregation.
It is intended to illustrate the pipeline rather than exhaustively list all intermediate artifacts.

from the InFoBench Hard set and an instruction-
following subset of ComplexBench. For Com-
plexBench, we remove translation-style prompts,
long background-only items, and generic qual-
ity criteria that do not correspond to explicit
instruction-following constraints.

E.1 Semantic Matching Metrics

Let Dr be the FlexBench dimension set and
Dy be the human reference decomposition. For
the main semantic recovery metric, we embed
each item using sentence-transformers/all-
MiniLM-L6-v2 with mean pooling, and compute
cosine similarity S(f,h) between FlexBench di-
mension f and human item h. Precision averages
the best human match for each FlexBench dimen-
sion, while recall averages the best FlexBench

match for each human item:

_ —1
Peos = |Dp|™" D max S(f;h),  (19)
feDFr
Rcos =|D -t ) .
[Dal™ > max S(f.h). 20)
heDy

We compute F'1..¢ as the harmonic mean of Pqq
and R.s, and report granularity as |Dg|/|D|.

E.2 Preference-based Validation Details

We conduct a randomized A/B comparison be-
tween FlexBench decompositions and human ref-
erence decompositions. The judge compares the
two decompositions with respect to evaluation suit-
ability, atomicity/granularity, completeness, faith-
fulness, and non-redundancy. The A/B order is ran-
domized to reduce position bias. Benchmark-level
win rates are reported in the main paper; Table 12
shows criterion-level results.
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Verdict Dimensions

Reason

yes D1, D3-D9, D11-D12
no D10
unknown D2, D7

The assistant confirms the booking purpose, collects the re-
quired visit and contact information, explains the five-day rule,
states that staff will review and reply by email, and closes po-
litely.

The final summary includes the preferred date, group size,
organization type, and email address, but omits the contact
name.

D2 is inactive because the user is planning a visit; D7 is inactive
because the requested date is more than five days away.

Table 10: Verdict summary for the Museum case study.

Metric Info Complex All
SBERT best-match 84.5 71.1 80.0
Sent-cos 1:1 81.6 69.0 77.4
BERTScore 1:1 77.1 52.4 68.8
BERT/CLS 93.8 90.6 92.7

Table 11: Additional F1 metrics for external decompo-
sition validation. SBERT best-match is the main metric
used in the paper. The 1:1 variants use strict one-to-
one matching. BERT/CLS is included only for legacy
compatibility, since raw BERT embedding spaces may
suffer from anisotropy.

Criterion Flex Human Tie

Evaluation suitability  74.8% 24.1% 1.1%
Atomicity / granularity 66.7% 243% 8.9%
Completeness 51.6% 16.7% 31.7%
Faithfulness 36.8% 9.4%  53.8%
Non-redundancy 26.8% 24.6% 48.7%

Table 12: Criterion-level preference results. FlexBench
shows the largest advantage on evaluation suitability
and atomicity/granularity, while faithfulness and non-
redundancy are dominated by ties.

E.3 Low-similarity and Additional-dimension
Adjudication

We further adjudicate low-similarity cases to de-
termine whether apparent mismatches reflect true
FlexBench failures, embedding artifacts, or granu-
larity differences in the human references. Table 13
summarizes the adjudication categories.

We also inspect additional FlexBench dimen-
sions that are not matched to any human reference
item under the low-similarity criterion. As shown
in Table 14, 21.6% of these additional dimensions
are judged to be valid constraints omitted by the
human references.

Category Count Rate
Embedding false negative 35  54.7%
Human generic quality 17 26.6%
Flex covers by group 7 10.9%
Flex valid, more atomic 3 4.7%
True FlexBench miss 2 3.1%

Table 13: Adjudication of 64 low-similarity cases.
Only 3.1% are true FlexBench misses; most apparent
mismatches are caused by embedding false negatives,
generic human criteria, or granularity differences.

Benchmark Cand. Valid Rate

InFoBench 16 3 18.8%
ComplexBench 81 18 22.2%
All 97 21 21.6%

Table 14: Validity of additional FlexBench dimensions
not matched to human reference items. A non-trivial
fraction captures valid instruction-following constraints
omitted by the human decompositions.

F Additional Results and Robustness

This appendix provides additional results omitted
from the main text, including Coverage diagnostics,
rollout stability details, seed-reformulation results,
and pipeline-backend robustness.

F.1 Coverage Diagnostics

FlexEval reports both COVERAGE and ACHIEVE-
MENT. Since Coverage is often close to satura-
tion and less discriminative at the model-ranking
level, we summarize it through the uncovered rate,
1 — Coverage, which more directly highlights
which workflows or dimensions are not exercised.
Table 15 summarizes representative uncovered-rate
patterns rather than reproducing the full 9 x 9
Coverage matrix. Most seeds are nearly satu-
rated, while the largest uncovered rate occurs in
the highly branched 3PL scenario, where many
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Seed group Mean 1 — Cov.  Range
3PL 73.7 72.5-74.8
Museum 11.9 10.9-12.4
Course 1.8 1.2-24
Other six seeds 0.2 0.0-1.8

Table 15: Uncovered-rate summary across tested mod-
els. Values are percentages. We report 1 — Coverage
to emphasize workflow or branch exposure gaps.

Model Mean Std. Min Max
Claude Sonnet 4.5 52.60 1.54 50.48 53.85
GPT-4.1-mini 51.99 0.77 51.12 53.21
GPT-4.1 48.67 1.54 4599 49.84
GPT-4.1-nano 47.19 1.13 46.31 48.88
GLM-4.5 4256 0.79 41.51 43.59

Table 16: Achievement stability across five inde-
pendently generated dialogue corpora for the Travel
Change seed instruction. All values are percentages.

conditional paths are not expected to be triggered
in every dialogue. This illustrates the intended role
of Coverage: it diagnoses workflow exercise and
branch exposure, whereas Achievement measures
correctness once requirements become applicable.

Figure 5 provides a dimension-level diagnostic
view for the representative Course seed. The main
heatmap shows per-dimension Achievement across
models, while the top row reports the mean uncov-
ered rate 1 — Coverage for each dimension. Mark-
ers indicate dimensions whose Coverage falls be-
low 95%. The figure shows that most dimensions
are exercised, but a few localized coverage gaps co-
exist with substantial differences in Achievement.
Thus, FlexEval provides two complementary di-
agnostic signals: Coverage reveals which work-
flow requirements are reached, and Achievement
reveals how well models satisfy the applicable re-
quirements.

F.2 Rollout Stability Details

For the rollout-stability analysis, we use the Travel
Change seed instruction and independently gener-
ate five dialogue corpora for each model, with 48
dialogues per corpus. Table 16 reports model-level
Achievement statistics across the five corpora.

Table 17 summarizes deviation statistics. Cover-
age is nearly saturated, while Achievement varies
modestly across independent rollouts.

Metric Bias 95% LoA  Mean |A|
Coverage 0.00 [-0.02, 0.02] 0.01
Achievement 0.00 [—2.15, 2.15] 0.88

Table 17: Deviation statistics for rollout stability. Val-
ues are reported in percentage points. LoA denotes
limits of agreement.

F.3 Ranking Uncertainty

For each seed, we identify the point-estimate leader
and runner-up in Table 3. We resample the 48
dialogue-level outcomes with replacement and re-
compute the best-vs. runner-up Achievement dif-
ference for 10,000 bootstrap replicates. The inter-
val measures dialogue-level sampling uncertainty
under the realized generation setup; it does not
measure variation from regenerating an entirely
new dialogue corpus.

The bootstrap intervals include zero for eight of
the nine seeds. Course is the only seed whose best-
vs. runner-up interval is strictly positive. These
results support interpreting the main table in terms
of point-estimate leaders and statistically close
top groups rather than definitive winners for ev-
ery seed.

F.4 Computational Cost and Scaling

Table 19 summarizes token usage for the main
9-seed, 9-model, and 48-dialogue-per-cell experi-
ment.

The main experiment contains 9 x 48 x 140 =
60,480 dimension—dialogue judgments. The judg-
ing stage scales linearly with the number of models,
dialogues, and derived dimensions. Since individ-
ual judgments are independent, the judging stage
can be parallelized.

F.5 Seed Reformulation Details

We evaluate sensitivity to reformulations of the
Travel Change seed instruction while keeping the
dialogue corpus fixed. Table 20 reports the similar-
ity between the reformulated dimensions and the
original dimensions.

Table 21 reports the absolute Achievement
scores under each reformulation. Format-only
changes have limited impact, lexical rewriting low-
ers scores consistently, and compression raises
scores because it weakens or omits some fine-
grained conditions, making the evaluation target
looser.
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Course: per-dimension achievement across tested models
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Figure 5: Dimension-level diagnostics for the Course seed. The heatmap reports per-dimension Achievement
across tested models. The top row shows mean uncovered rate 1 — Coverage, and markers indicate dimensions
with Coverage below 95%. This visualization illustrates how Coverage and Achievement jointly localize workflow-

exposure gaps and conditional-correctness failures.

Seed Best Runner-up Gap (pp) 95% CI(pp) P(best > runner-up)
FastRun  Claude =~ GPT-4.1-nano 03 [-4.9,5.7] 0.52
3PL Gemini  Claude 20 [-8.9,13.1] 0.64
Course Claude  GPT-4.1 100  [0.3, 19.6] 0.98
Exam Doubao  GPT-4.1 1.9 [-6.7, 10.2] 0.65
IT GPT-4.1 Gemini 01 [-5.6,5.7] 051
2FA Doubao  DeepSeek 0.1 [-5.7,5.9] 0.51
Museum Claude ~ Doubao 29 [-9.3, 14.7] 0.67
Travel Qwen GPT-4.1-mini 1.1 [-3.2, 5.6] 0.68
ConfReg Claude  Qwen 1.0 [-3.8,5.8] 0.65

Table 18: Dialogue-level bootstrap uncertainty for the point-estimate best-vs. runner-up Achievement difference in
each seed. Gaps and confidence intervals are reported in percentage points. Model names are shortened only in this

table.

Table 22 summarizes rank stability. The format-
only variant preserves the original ranking exactly,
the lexical rewrite changes only one pairwise or-
dering, and the compressed variant causes larger
but still limited rank changes among closely per-
forming models.

F.6 Pipeline-Backend Robustness

To test whether FlexBench/FlexEval depends on
a single LLM backend, we rerun the construc-
tion/evaluation pipeline with GPT-5.4 and Gemini
3.1 Pro Preview, in addition to the main Claude
Opus 4.6 pipeline. The correlations in Table 23 are
computed over model-level average Achievement
across the nine tested models.

Figure 6 provides a more detailed view. Panel
(a) reports model-level average Achievement and
ranks under each pipeline backend. Panel (b) com-

pares alternative pipelines against the main Claude
Opus 4.6 pipeline. Panel (c) shows the backend-
induced score range for each tested model. Al-
though absolute scores vary across backends, the
relative model conclusions are largely preserved.
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Stage Unit Avg. input  Avg. output Total tokens
Dimension derivation seed 8,459.6 3,110.2 104,128
Logic extraction seed 1,757.1 1,090.0 25,624
Dialogue generation: assistant  seed—model 214,889.9 36,370.5 20,352,089
Dialogue generation: simulator seed—model 306,729.7 25,306.0 26,894,892
Completion detector seed-model 105,520.8 10,757.6 9,418,547
FlexEval judging dimension—dialogue 1,112.2 158.9 76,878,314
Total - - - 133,673,594

Table 19: Token usage and computational scaling for the main experiment. Average input and output values are

reported per unit.

(a) Full pipeline backend scores
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Figure 6: Pipeline-backend robustness across the nine tested models.
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Panel (a) shows model-level average

Achievement and ranks under the Claude Opus 4.6, GPT-5.4, and Gemini 3.1 Pro Preview pipelines. Panel (b)
shows agreement between the alternative pipelines and the main Claude Opus 4.6 pipeline. Panel (c) shows the

backend-induced score range for each model.

Variant #Dims F1 vs. orig. Gran.
Format-only 13 98.0 1.00
Lexical rewrite 13 89.4 1.00
Compressed flow 13 92.8 1.00

Table 20: Dimension similarity between seed reformu-
lations and the original Travel Change seed. F1 is com-
puted using SBERT best-match alignment, and Gran.
denotes the granularity ratio relative to the original di-
mension set.

Variant Claude GPT-4.1 Gemini GLM
Original 51.44 49.12 49.68 4295
Format-only 54.33 49.92 52.88 44.39
Lexical rewrite 46.93 45.15 4477 37.10
Compressed flow  61.06 61.06 60.83  51.60

Table 21: Achievement scores under seed reformula-
tions for the Travel Change seed. All values are per-
centages.
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Variant Rank change Pairwise agree.

Format-only Same ranking 6/6
Lexical rewrite One pair swapped 5/6
Compressed flow Top models closer 4/6

Table 22: Rank stability under seed reformulation. Pair-
wise agreement is computed over the four models in-
cluded in the reformulation analysis.

Pipeline pair Spearman Pearson

Claude vs. GPT-5.4 0917 0.984
Claude vs. Gemini 0.883 0.976
GPT-5.4 vs. Gemini 0.983 0.986

Table 23: Correlation of model-level average Achieve-
ment across pipeline backends. Spearman measures
rank consistency, and Pearson measures score-level cor-
relation.
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