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Abstract

Multi-agent LLM systems that generate struc-
tured workflows from natural-language re-
quests are now deployed in production across
cloud automation, DevOps, and enterprise pro-
cess orchestration. Operating such systems ex-
poses a recurring change-management problem.
Routine updates, such as re-running the same
input, swapping the underlying LLM, or refac-
toring an agent’s prompt or orchestration code,
frequently produce workflows that differ sub-
stantially from previously validated references.
Engineers are then left without a principled
way to decide whether a change is safe to ship.
Automatic workflow evaluation is the natural
tool for answering this question. In practice,
however, metric scores are poorly calibrated,
and a numeric change rarely communicates the
severity of the underlying degradation. We in-
troduce WORKFLOWPERTURB, a controlled
benchmark for studying workflow evaluation
metrics by applying realistic, graded pertur-
bations to golden workflows. WORKFLOW-
PERTURB contains 4,973 golden workflows
and 44,757 perturbed variants across three per-
turbation types (Missing Steps, Compressed
Steps, and Description Changes), each applied
at severity levels of 10%, 30%, and 50%. We
benchmark multiple metric families and ana-
lyze their sensitivity and calibration using ex-
pected score trajectories and residuals. Our re-
sults characterize systematic differences across
metric families and support severity-aware in-
terpretation of workflow evaluation scores in
change-management settings. Our dataset will
be released upon acceptance.

1 Introduction

Large Language Models (LLMs) are increasingly
used to generate multi-step, dependency-rich work-
flows for high-stakes settings, where failures can
have real operational consequences. Such work-
flows arise in domains including scientific automa-
tion, biomedical information access, question an-

swering, enterprise copilots, and cloud and DevOps
systems (Bran et al., 2024; Jin et al., 2024; Mi-
crosoft, 2026b; Chandrashekar, 2025; Dalal et al.,
2026). In these settings, correctness depends not
only on surface-level textual similarity, but on the
presence of required steps and the correctness of
their ordering and dependencies.

Such workflows are produced by multi-agent
systems deployed in production (Microsoft, 2026b;
Chandrashekar, 2025). Sustained operation of
one such deployed multi-agent workflow gener-
ation system, LLexus (Las-Casas et al., 2024), over
more than two years surfaces an engineering prob-
lem largely orthogonal to model accuracy. Rou-
tine system changes frequently produce workflows
that differ substantially from validated references.
Three classes of change are particularly disrup-
tive: (i) re-running the same request under stochas-
tic decoding yields a structurally different work-
flow; (i1) swapping in a newer LLM (sometimes
a forced upgrade when older models are depre-
cated (Microsoft, 2026a)) shifts the distribution
of generated steps; and (iii) refactoring an agent’s
prompts, tool inventories, or orchestration code
alters which steps are emitted and how they are
sequenced. Each forces engineers to decide, before
shipping, whether the new workflow is function-
ally equivalent to its reference or is a silent regres-
sion that could cause an outage. Manual review
does not scale. Automatic workflow metrics are
the natural alternative, but they proved poorly cal-
ibrated in practice, with numeric changes rarely
communicating the severity of degradation. This
experience motivated the controlled, generic bench-
mark presented here, decoupled from any specific
production system.

Evaluating these workflows remains unexpect-
edly difficult. Existing workflow metrics each cap-
ture only a narrow slice of correctness: lexical
metrics fail under paraphrasing, structural metrics
may overlook semantic drift, and semantic metrics
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can assign favorable scores to workflows missing
critical steps. A central practical challenge is cali-
bration: it is often unclear what a score means in
terms of functional risk. For example, does a drop
from 0.90 to 0.84 reflect harmless rephrasing or the
loss of an essential dependency? Without calibra-
tion, metric values are hard to use for regression
testing, model comparison, or automated filtering.

The consequences of getting this wrong are se-
vere. Flawed orchestration can cause outages or
misconfigured infrastructure, and subtle workflow
deviations can alter analytical conclusions in sci-
entific and biomedical domains. This sharpens the
practical question: how can we determine whether
a modified workflow remains functionally equiv-
alent to a validated reference, and integrate such
checks into CI/CD without manual review?

We introduce WORKFLOWPERTURB, a bench-
mark of over 44,000 workflows constructed
through controlled perturbations. We generate
three perturbation types, Missing Steps, Com-
pressed Steps, and Description Changes, each ap-
plied at graded intensity levels of 10%, 30%, and
50%. These structured degradations enable sys-
tematic analysis of metric calibration under known
severity, revealing which metrics are robust to be-
nign edits, which fail under functional degradation,
and how to interpret workflow scores reliably.

2 Related Work

Agent and workflow evaluation. Recent bench-
marks evaluate LLMs in agentic and tool-using
settings, where models must select, invoke, and se-
quence external functions: e.g., the Berkeley Func-
tion Calling Leaderboard (Patil et al., 2025) empha-
sizes end-to-end task success in tool-augmented
environments. A complementary line of work an-
alyzes execution trajectories to diagnose and lo-
calize agent failures, including AGENTRX (Barke
et al., 2026) (intermediate actions, tool calls, and
environment feedback) and TRAIL (Deshpande
et al., 2025) (trace-based reasoning over structured
action sequences). Both families operate on run-
time traces and assume access to environment in-
teractions or success signals; in contrast, we study
static workflow representations and evaluate how
automatic metrics respond when workflows deviate
from golden references in controlled and graded
ways, enabling systematic analysis of metric cali-
bration, sensitivity, and blind spots. Adaptive exe-
cution frameworks such as VineLM (Pagonas et al.,

2026) select a different LLM at each configurable
workflow stage under per-request cost and latency
budgets. They further expand the space of out-
puts a single workflow can produce across runs,
sharpening the need for calibrated cross-run metric
comparisons of the kind we study here.

LLM-as-a-Judge and Its Limitations. LLMs
have emerged as scalable automatic evaluators with
strong agreement to human judgments (Zheng et al.,
2023; Chiang and Lee, 2023), but recent work
highlights important reliability failures. Shi et al.
(2025) systematically study position bias across 15
judges and 22 tasks and find that judgments depend
strongly on candidate ordering and on the quality
gap between candidates. These are properties of
how options are presented to the judge, rather than
of the underlying artifact. Related work also doc-
uments biases such as length, self-preference, and
stylistic effects (Wang et al., 2024). These studies
characterize fragility along one axis: perturbing the
inputs shown to the judge. Our perspective is com-
plementary and orthogonal: we hold the judge’s
prompt and presentation fixed and instead perturb
the artifact under judgment at calibrated severities,
measuring how a judgment-based metric responds
to known functional degradation.

3 WORKFLOWPERTURB

We model a workflow as a directed acyclic graph
(DAG) G = (V, E), where each node v € V rep-
resents a step described in natural language and
each edge (u,v) € E denotes a precedence con-
straint. Given a golden workflow GG and a candi-
date workflow G’, an evaluation metric produces
a score s(G,G’) € [0, 1] (or a normalized variant)
intended to reflect workflow quality or similarity.
Rather than proposing a new workflow generator,
our focus is to analyze metric behavior: under con-
trolled degradations of known severity, do metric
scores change in an interpretable and calibrated
manner? We study this question by introducing
structured perturbation types, graded severity lev-
els, and an expected score trajectory characterizing
ideal metric response under degradation.

3.1 Benchmark Construction

Source Data. We begin with the set of workflows
in WORFBENCH (Qiao et al., 2025) and retain
those with |V'| > 5 nodes (at least five steps). This
lower threshold ensures each workflow has enough
steps to meaningfully perturb and evaluate metric



Task: handle a customer-support escalation for a faulty smart-home device.
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Figure 1: Real-world example illustrating perturbations in LLM-generated workflows for a customer support
escalation task. MISSING STEPS: The red node present in the original workflow is omitted. COMPRESSED STEPS:
The red and blue nodes are merged into a single blue node, reducing granularity. DESCRIPTION CHANGES: All
nodes retain the same semantic meaning as the original but differ in syntactic phrasing.

sensitivity. We impose no upper cap, so the corpus
spans short-to-long workflows: 5-6—41 nodes
(min-median—-max), with 13 workflows containing
20 or more nodes. The resulting corpus contains
4,973 golden workflows drawn from seven source
datasets (WikiHow, ALFWorld, WebShop, Lumos,
ToolBench, OS, and ToolAlpaca; WikiHow and
ALFWorld together account for 86% of the
corpus). Combined with three perturbation types at
three severity levels, this yields 44,757 perturbed
variants in the benchmark we will release.

Perturbation Patterns. From our 2+ years operat-
ing LLM-generated workflows in production, three
recurring degradation patterns emerged. We model
them as controlled perturbations applied to golden
workflows, illustrated on a customer-support esca-
lation task in Figure 1:

* Missing Steps: LLM-generated workflows of-
ten omit essential actions that are required for
complete task execution. Such omissions result
in incomplete or truncated execution paths when
compared to the golden workflow.

* Compressed Steps: Generated workflows fre-
quently contain fewer nodes than their golden
counterparts, condensing multiple fine-grained
actions into a single broader step. While this
may preserve most of the content, it alters the
structural properties of the workflow and leads to
mismatches under graph-based evaluation.

* Description Changes: Even when workflows
preserve the correct structure, step descriptions
often differ syntactically from the golden ref-

erence. This lexical variation confuses surface
metrics while preserving semantics.

Diagnostic mapping. These three patterns are
not redundant along the metric axis (the seven
metrics named below are formally defined in Sec-
tion 4). MISSING STEPS most distinctly stresses
structural (Graph/Chain F1) and judgment-based
metrics by reducing required nodes; COMPRESSED
STEPS stresses both structural and ordering met-
rics (Kendall’s 7) by collapsing edges and reshuf-
fling precedence; and DESCRIPTION CHANGES
isolates lexical metrics (BLEU, GLEU) because
graph topology is preserved by construction. This
makes each perturbation type a controlled diagnos-
tic for a different metric family (see Section 5).

To study the impact of these issues on evaluation
metrics, we apply each perturbation type at three
severity levels {10%,30%,50%} of the golden
workflow (an illustration for MISSING STEPS
appears as Figure 4 in the appendix). These graded
levels mimic realistic variations and let us probe
metric calibration, i.e., whether scores degrade
proportionally with severity.

Perturbation Generation and Validation. For
each workflow and perturbation configuration, we
employ LLMs (GPT-40 as the primary generator,
with GPT-4.1 and 03-mini as fallbacks for variants
that initially fail the static checks below) to gen-
erate variants. To ensure correctness, each variant
undergoes automated static validation checks:

* Node Count Consistency: Given a golden work-
flow with 10 nodes, applying a 10% removal



perturbation must produce a workflow with pre-
cisely 9 nodes. Any deviation from this expected
count is flagged as inconsistent.

» Change Count Verification: For a 30% pertur-
bation on a 10-node workflow, exactly 3 nodes
must be altered (removed, compressed, or para-
phrased, depending on type). If fewer or more are
modified, the output is rejected. For removal and
compression, verification compares node counts
before and after. For paraphrasing under the pri-
mary path, verification counts how many step
descriptions changed; the LLM chooses which
N nodes to paraphrase under that constraint.

These checks target the two most common
generation failure modes: (i) deleting or merging
too many nodes, and (ii) over- or under-applying
paraphrasing. Each generator call prepends a
fixed few-shot example (one per perturbation
type) before the row-specific instruction: the
golden workflow plus the perturbation directive.
Variants that fail validation enter a feedback-driven
refinement loop, escalating to stronger models
on repeated failure. The loop is effective: the
initial GPT-40 pass left 17.7%, 27.5%, and
44.7% of Missing-Steps, Compressed-Steps, and
Description-Changes variants failing the static
checks, and successive fallbacks reduced these to
0.03%, 0.14%, and 1.3% (4, 21, and 200 residual
variants, respectively). Prompt templates, the
per-split handling of these residuals, and the
description-change generation pipeline appear in
Appendix A. We also manually inspected a random
subset of variants to confirm perturbations were
applied as intended (e.g., removed nodes were
genuinely removed and paraphrases preserved fac-
tual content), rather than to measure human-LLM
agreement. A small number of residual variants
were hand-corrected; see Appendix A.7 for details.

Score Assignment and Perturbation Alignment.
Each workflow is assigned a score reflecting per-
turbation severity, with lower scores indicating de-
viation from the golden workflow. For Missing
Steps and Compressed Steps, the score equals the
remaining workflow fraction, computed as 1 — p
for perturbation percentage p (e.g., p=30% — 0.7,
p=50% — 0.5). In the case of Compressed
Steps, this decrease is justified by the loss of struc-
tural granularity: multiple fine-grained actions (of-
ten corresponding to distinct tool invocations) are
merged into broader nodes, violating the one-tool-

per-step abstraction and reducing fidelity to the
golden execution graph. For Description Changes,
the score remains constant across severity levels,
since these edits affect only textual descriptions
and not the underlying workflow structure.

4 Metrics

We evaluate seven metrics across five families.
Structural metrics (Graph F1, Chain F1) measure
topological consistency via subgraph matching
and sequence alignment. Lexical metrics (BLEU,
GLEU) compute n-gram overlap. BERTScore mea-
sures contextual embedding similarity. Kendall’s
7 evaluates rank-order consistency. LLM-as-Judge
provides rubric-based holistic assessment. Full def-
initions appear in Appendix B.

4.1 Structural Metrics

Chain F1. Following Qiao et al. (2025), predicted
node chains are aligned with valid topological or-
derings of the golden workflow, and the longest
increasing subsequence (LIS) is computed. Preci-
sion and recall are defined as pchain = 1/|Vprea| and
Tchain = !/ |Veolden|, Where [ is the LIS length. The
final score is their harmonic mean (F1).

Graph F1. The predicted and golden workflow
graphs are aligned using a Maximum Common
Induced Subgraph (MCIS) algorithm. If the largest
shared subgraph contains k£ nodes, precision and
recall are defined as peraph = £ /|Vprea| and 7graph =
k/|Veolden|- The score is their harmonic mean (F1).

4.2 Lexical Metrics

BLEU (Papineni et al., 2002) is a precision-
oriented n-gram matching metric with a brevity
penalty, while GLEU (Wu et al., 2016) balances
n-gram precision and recall and is more robust for
shorter or paraphrased step descriptions.

4.3 Semantic Metric

BERTScore (Zhang et al., 2020) compares con-
textual embeddings of step descriptions from pre-
trained transformer models and computes precision,
recall, and F1 via token-level cosine similarity.

4.4 Ordering Metric

Kendall’s 7 (Kendall, 1938) measures rank corre-
lation between generated and gold step orderings,
defined as 7 = (C — D)/(3n(n — 1)) € [-1,1],
where C and D are the numbers of concordant and
discordant pairs among n aligned steps.



4.5 LLM-as-Judge

To complement automatic metrics, we use an LLM-
as-Judge evaluation with GPT-40 (Azure OpenAl).
The model is prompted with the task description,
golden workflow, generated workflow, and a rubric
defining 0-5 scores covering correctness, complete-
ness, ordering, and clarity, with anchor examples.

S Results and Analysis

We evaluate metric behavior across perturbation
types and severities, assigning each workflow a pre-
defined degradation score for interpretability. All
reported LLM-as-Judge scores are linearly normal-
ized from the original 0-5 scale to the [0,1] range
for comparability across metrics.

Overall trends. Across all perturbation types,
metric scores generally decrease as perturbation
severity increases. This confirms that the bench-
mark introduces progressively harder deviations
from the golden workflows. However, degradation
patterns differ substantially across metric families,
as detailed below. Appendix Table 5 condenses
these into a 7 x 3 sensitivity matrix Aj,®, defined
in Section 5.1.

Missing Steps. Removing steps (dropped red
node in Figure 1; numbers in Table 2) disrupts
completeness and dependency structure. Structural
metrics degrade nearly linearly with the removal
rate, closely tracking imposed severity, while lex-
ical metrics drop more sharply under token loss.
BERTScore is the most tolerant, with a mild and
slightly non-monotonic decline between 30% and
50%. Kendall’s 7 and LLM-as-Judge both decline
strongly, the latter signaling missing content.

Compressed Steps. Merging fine-grained ac-
tions into broader steps (cf. the merged red/blue
nodes in Figure 1; numbers in Table 3) substantially
degrades structural scores and Kendall’s 7, the lat-
ter reflecting disrupted pairwise precedence under
compression. Lexical metrics decline more than
under deletion, since merged descriptions break
direct n-gram overlap. BERTScore is already low
at mild compression and falls only slightly, sug-
gesting embedding similarity is itself sensitive to
abstraction. LLM-as-Judge tracks the loss of pro-
cedural granularity despite preserved intent.

Description Changes. When only descriptions
are modified (paraphrased-but-isomorphic graph
in Figure 1; numbers in Table 4), graph structure

remains intact and structural metrics, Kendall’s T,
and LLM-as-Judge stay nearly flat. Lexical metrics
decline with heavier paraphrasing, as expected un-
der surface-level variation. BERTScore stays high,
unlike under structural perturbations, indicating
that semantic similarity is largely preserved.

Overall, no single metric captures all failure
modes: structural and ordering metrics detect miss-
ing or compressed steps but miss textual edits,
while lexical metrics respond strongly to paraphras-
ing yet over-penalize deletions; embedding and
judgment metrics are complementary.

5.1 Sensitivity Analysis

To quantify how rapidly each metric degrades
with severity, we summarize the per-severity score
curves by a single sensitivity A, ®:

5m (10%)—5m (30%) + 5m (30%)—5m (50%)
0.20 0.20
ey

where 5, () is the mean score of metric m at a%
perturbation (appendix Tables 2—4). Figure 3 visu-
alizes A7, ®; Appendix Table 5 gives the numbers.

avg _ 1
Ave = 1

Structural metrics (Graph/Chain F1). Peak un-
der compressed steps (A = 1.04); moderate for
missing steps (0.72); low for description changes
(0.29). Both metrics primarily track topological
distortion (cf. Figure 1).

Lexical metrics (BLEU, GLEU). High across
all perturbation types (A~ 0.84-1.23), peaking for
missing steps where token loss dominates. They
cannot, however, distinguish structural loss from
benign rewording on their own.

Embedding metric (BERTScore). Least sensi-
tive overall (A < 0.4 everywhere): tolerant of struc-
tural change (0.24 for missing steps and 0.23 for
compressed steps) and only modestly responsive to
description changes (0.39).

Order-based metric (Kendall’s 7). Strongest
for compressed steps (1.42); high for missing steps
(0.94); essentially flat for description changes
(0.02), consistent with unchanged topology.

Judgment-based metric (LLM-as-Judge).
Tracks structural/order behavior: high for missing
steps (0.80) and moderate for compressed steps
(0.70); near zero, and slightly negative within
sample noise, for description changes (—0.03).
Per-severity score tables appear in Appendix C.
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Table 1: Recommended metric bundle and alert thresh-
olds per failure mode.

Failure mode Primary Alert

Missing Steps Graph/Chain F1 LLM-Judge <0.75
Compressed Steps  Kendall’s 7 Graph/Chain F1 < 0.65
Description Changes BLEU/GLEU  BERTScore < 0.70

Secondary

6 Key Insights and Practical Guidance

Workflow validation under change. Deployed
workflows evolve with model upgrades, prompt re-
visions, and orchestration changes, and metric fam-
ilies respond differently to structural versus textual
edits (Section 5). WORKFLOWPERTURB enables
severity-aware calibration: post-change candidates
are compared against approved goldens using a cal-
ibrated bundle (Table 1), whose assignments and
thresholds derive from the sensitivity matrix and
per-severity distributions in Appendix C. Since no
single metric suffices, breaches can trigger review
or rollback, prioritizing structural regressions.

Cost, latency, and open-weight judges. LLM-
as-Judge dominates pipeline cost: at public GPT-40
pricing ($2.50/M input, $10/M output tokens) each
call runs ~$0.005-0.01 and seconds of latency. At

CI/CD scale this is non-trivial. The cheaper bundle
metrics can therefore pre-filter, reserving the judge
for ambiguous cases. WORKFLOWPERTURB also
supports benchmarking open-weight judges and
learned workflow comparators.

7 Conclusion

We introduced WORKFLOWPERTURB, a bench-
mark for evaluating workflow metrics under con-
trolled structural and textual perturbations. It was
motivated by recurring change-management fail-
ures in a multi-agent workflow system we have
run in production for over two years. Our analysis
shows that metrics have distinct sensitivity patterns
and calibration gaps across failure modes, so no
single uncalibrated score is a sound basis for CI/CD
shipping decisions.

We expect WORKFLOWPERTURB to help other
teams that operate multi-agent workflow generators
and face the same change-management question:
whether a re-run, model swap, or prompt or orches-
tration change has silently regressed a validated
workflow. To use it, a team expresses its golden
and candidate workflows in the same node/edge
form, scores candidates against approved refer-
ences with the same metric families, and applies
the calibrated bundle and thresholds (Table 1) to
gate CI/CD changes. The thresholds are operating
points, not fixed constants: they can be re-tuned
to a team’s tolerance for missed regressions versus
false alerts, and the perturbation protocol can be
re-run on in-domain goldens to recalibrate.



Limitations

Scope of evaluation. WORKFLOWPERTURB evalu-
ates workflows as static graph and text artifacts: we
measure how metric scores respond to controlled
perturbations but do not correlate calibration with
downstream execution success, since no shared,
reproducible sandbox can faithfully execute work-
flows across the heterogeneous domains and tool
stacks in the corpus. We treat metric calibration as
a necessary prerequisite for execution-aware evalu-
ation rather than a substitute for it. We also study
only three perturbation families (MISSING STEPS,
COMPRESSED STEPS, DESCRIPTION CHANGES)
at three severities; addition, duplication, and re-
ordering of steps are not covered, so our calibration
claims may not extrapolate to those failure modes.

Data and judge coverage. The golden work-
flows are inherited from WORFBENCH (Qiao
et al., 2025) (English-only, filtered to |V| > 5)
and are concentrated at the short end (median 6
nodes; only 13 of 4,973 exceed 20). Generalization
to long industrial workflows is therefore untested,
and the 50% setting acts on very small graphs for
most of the corpus. Our LLM-as-Judge results use
a single judge (GPT-40 via Azure OpenAl at tem-
perature 0); we do not benchmark open-weight or
alternative proprietary judges, and reproducibility
depends on its continued availability and version
stability.

Pipeline and metric choices. Perturbed vari-
ants are produced by LLMs and accepted by an
automated validation pipeline with only spot-check
human review, so residual artifacts may persist in
unreviewed portions of the 44,757-variant corpus.
Structural metrics (Graph/Chain F1) use a fixed
alignment threshold (7, = 0.8) and encoder that
were not swept; absolute scores would shift under
other settings, though the relative ordering used for
sensitivity (§5.1) is the robust signal of interest. Fi-
nally, we scope the study to seven widely deployed
off-the-shelf metrics and do not compare against
learned or task-specific comparators, leaving that
to future work on the same open benchmark.

Ethical Considerations

Data provenance and licensing. The golden
workflows underlying WORKFLOWPERTURB are
derived from WORFBENCH (Qiao et al., 2025), a
publicly released benchmark; we inherit its license
terms and use its English-language workflow set
unchanged modulo the |V| > 5 filter. All 44,757

perturbed variants are produced synthetically by
LLMs (GPT-4o as the primary generator, with GPT-
4.1 and o3-mini as fallbacks for variants that ini-
tially failed automated validation) following the
controlled protocol described in §3. A small num-
ber of variants were hand-corrected by the authors:
4 rows in the MISSING STEPS split, for which all
automated regeneration attempts continued to fail
the static checks. These rows are flagged as man-
ually authored in the dataset we will release. No
new human-subjects data was collected, and no
personally identifying information is present in the
corpus.

Intended use and dual-use risks. WORKFLOW-
PERTURB is intended as an offline diagnostic re-
source for calibrating evaluation metrics used to
validate LLM-generated workflows, for example
inside CI/CD regression-test pipelines for deployed
multi-agent systems. The benchmark itself does
not generate, execute, or recommend production ac-
tions; it scores already-produced workflow artifacts
against a reference. We therefore see low direct
dual-use risk. A practitioner who relied solely on an
uncalibrated metric score for a production ship/no-
ship decision, however, could ship a regression
silently; the central finding of the paper (Section 5)
is precisely that this is unsafe, which is why we
recommend the calibrated bundle in Table 1 rather
than any single score.

Compute, cost, and reproducibility. LLM-as-
Judge evaluations use GPT-40 via Azure OpenAl at
temperature 0. Reproducing the judge-based num-
bers therefore depends on continued availability of
GPT-40 and is subject to provider retirement poli-
cies; this is also noted in the Limitations section.
All other metrics (Graph/Chain F1, BLEU, GLEU,
BERTScore, Kendall’s 7) use open implementa-
tions and are deterministic given the same input.
To make the cost trade-off transparent, we report
per-evaluation cost estimates from public OpenAl
pricing in §6.

Al writing assistance. We used generative Al
tools only for polishing of authored text. All tech-
nical content, experimental design, analysis, and
conclusions are the authors’ own; no Al tool was
used to generate experimental results or citations.
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Appendix

In this appendix, we include the following to sup-
plement the main paper:

A. Prompt Templates and Generation Pipeline
(Section A). Exact LLM prompts used to gen-
erate perturbed workflow variants, including
error-injection and refinement strategies, the
static-check failure trajectory and residual-
failure handling, and the description-change
generation pipeline.

B. Detailed Metric Definitions (Section B). For-
mal definitions, equations, and implementation
details for all evaluation metrics.

C. Extended Results and Sensitivity Analysis
(Section C). Complete metric tables across per-
turbation types and a detailed analysis of met-
ric sensitivity under controlled degradation.

A Prompt Templates and Generation
Pipeline

The following prompts were used to generate per-
turbed workflow variants. Placeholders /N denote
the exact number of nodes to alter, computed before
the prompt is assembled as N = max(1, [|V|x«])
for severity @ € {0.1,0.3,0.5} (see §3.1). The
prompts below show the instruction template; each
call also embeds the concrete golden workflow.

A.1 Few-Shot Examples (prepended to every
generator call)

For each perturbation type, every generator call
prepends a fixed few-shot example before the row-
specific instruction. The row-specific portion con-
sists of the original golden workflow plus the pertur-
bation directive, in the form shown in Section A.2
below.

Missing Steps.

Original workflow:

Node:

1: go to potential locations where a
kettle may be found

2: take kettle from where it was found

7: put kettle in/on storage.

Edge: (START,1) (1,2) ... (6,7) (7,END)
Please remove one step from the workflow
above and return the new workflow in the
same Node:/Edge: format.

Perturbed (one step missing):

Node:

1: go to potential locations where a
kettle may be found
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6: open storage if necessary
Edge: (START,1) (1,2) ... (5,6) (6,END)

Compressed Steps.

Original workflow:

Node:

1: locate the mug in the kitchen

2: pick up the mug

3: go to the coffee machine

4: place the mug under the coffee spout
5: press the button to brew coffee
Edge: (START,1) (1,2) (2,3) (3,4) (4,5)
(5,END)

Please compress two steps in the workflow
above (combine them into fewer steps)
and return the new workflow in the same
Node:/Edge: format.

Perturbed (two steps compressed):

Node:

1: locate the mug in the kitchen and
pick it up

2: go to the coffee machine

3: place the mug under the coffee spout
and press the button to brew coffee
Edge: (START,1) (1,2) (2,3) (3,END)

Description Changes.

Original workflow:

Node:

1: go to the living room

2: find the remote control

3: turn on the television

4. select the news channel

Edge: (START,1) (1,2) (2,3) (3,4)
(4,END)

Please paraphrase exactly two steps
in the workflow above (change their
description but not their meaning). Do
not change more or fewer than two steps.
Keep all other node descriptions exactly
the same. Return the new workflow in the
same Node:/Edge: format.

Perturbed (two steps paraphrased):
Node:

1: go to the living room

2: locate the remote control device

3: turn on the television

4: switch to the news channel

Edge: (START,1) (1,2) (2,3) (3,4)
(4,END)

A.2 Row-Specific Prompt Templates

In the templates below, {golden workflow} denotes
the concrete golden workflow inserted into the
prompt, and NN is the exact number of nodes to
alter, defined above.

A.3 Missing Steps Prompt

Original  workflow: {golden
workflow}
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Please remove exactly N steps
from the workflow above and
return the new workflow in the
same Node:/Edge: format.
Perturbed (/N steps missing):

A4 Compressed Step Prompt

Original  workflow: {golden
workflow}

Please compress exactly N steps
in the workflow above (combine
them into fewer steps) and return
the new workflow in the same
Node:/Edge: format.

Perturbed (N steps compressed):

A.5 Description Changes Prompt

Original  workflow: {golden
workflow}

Please paraphrase exactly N
steps in the workflow above
(change their description but not
their meaning). Do not change
more or fewer than N steps.
Keep all other node descriptions
exactly the same. Return the new
workflow in the same Node:/Edge:
format.

Perturbed (/N steps paraphrased):

A.6 Iterative Refinement and Escalation

When a generated output fails validation, the vari-
ant enters a feedback-driven refinement loop in
which the validation error is re-injected into the
next prompt. For example:

Your output had 8 nodes instead
of 9 for a 10% removal. Please
regenerate the workflow and
ensure that exactly one node is
removed. Return only the modified
workflow as a numbered list of
steps.

If the corrected output again fails validation (e.g.,
paraphrases 4 nodes instead of 3), the process is
repeated up to three times per model. After three
unsuccessful iterations, the task is escalated to a
stronger generation model.

A.7 Residual-Failure Handling

The body reports the static-check failure trajec-
tory of the iterative refinement loop. The raw



initial-pass counts are 2,634/14,919 for Missing
Steps, 4,106/14,919 for Compressed Steps, and
6,673/14,919 for Description Changes, and the
successive fallbacks were GPT-4.1, an Azure-
OpenAl content filter, and finally 03-mini with
feedback-driven re-prompting. The few residual
variants that survived were then resolved per split.
The 4 residual MISSING STEPS variants that con-
tinued to fail automated regeneration were hand-
corrected by the authors and are flagged as manu-
ally authored in the released dataset. The 21 resid-
ual COMPRESSED STEPS variants were blocked by
an Azure OpenAl content filter on the perturbed
workflow text and were regenerated through a stan-
dard OpenAl API endpoint. The 200 residual DE-
SCRIPTION CHANGES variants were repaired by
the hybrid fallback in Appendix A.8.

A.8 Description-Change Generation Pipeline

Description-change variants follow the same pri-
mary path as the other perturbation types: a
bulk workflow-editing prompt (few-shot plus row-
specific instruction) asks the LLLM to paraphrase
exactly N step descriptions while preserving graph
structure, with up to three static-check retries and
subsequent escalation to stronger models with
feedback-driven re-prompting. For the ~ 200 vari-
ants that still failed after escalation, we applied a
hybrid fallback: N node indices are selected at ran-
dom, a generator LLM paraphrases each selected
step description in a separate call, and the work-
flow is reassembled with edges unchanged. This
fallback is more reliable than single-shot whole-
workflow editing.

B Detailed Metric Definitions

We present the formal definitions and implementa-
tion details of all evaluation metrics used in WORK-
FLOWPERTURB. Where applicable, we include
equations and illustrative examples showing how
the scores are computed.

B.1 Chain F1

Idealized objective. Suppose the predicted node
chain is C(VP) and the gold workflow graph is
G(V9, E9). From G, we can enumerate all possi-
ble topological orderings {C(V9)1,C(VY)a,...}.
The predicted chain is compared against each or-
dering using the Longest Increasing Subsequence
(LIS):

l; = LIS(C(VY);,C(VP)),
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and the longest valid subsequence length is taken
as
I = max(|l1|, ’l2‘7 sy |ln|)
Precision and recall are then
l l
Pchain = Wa =
yielding

2 Pchain Tchain
Pchain T Tchain

chain __
1 =

Implementation. Enumerating every topological
ordering of G is exponential in [VY| in the worst
case, and is further complicated by the fact that
node identities are not shared across workflows.
The predicted and gold node sets differ in surface
form and must first be aligned semantically. We
therefore use the following polynomial-time ap-
proximation:

1. Embed each step description (gold and
predicted) with Sentence-BERT (Reimers
and Gurevych, 2019), using the
all-mpnet-base-v2 encoder.

. Compute the cosine-similarity matrix between
predicted and gold step embeddings, and
solve an optimal one-to-one assignment
with the Hungarian algorithm (Kuhn, 1955)
(scipy.optimize.linear_sum_assignment).

. Retain only assigned pairs whose cosine similar-
ity 1S > Tajign = 0.8; unmatched predicted steps
are dropped.

. Let o be the sequence of gold indices that the re-
tained predicted steps map to, taken in predicted-
chain order. Compute [ = |[LIS(o)| under the
natural gold ordering.

This realizes the LIS objective against a single
canonical gold ordering (the order in which the
gold graph’s steps are listed), rather than against
all topological orderings. The substitution is exact
for the linear-chain workflows that dominate our
corpus (where the topological ordering is unique)
and is an approximation for the small number of
multi-branch workflows.

Threshold and encoder. Both the encoder
choice and the alignment threshold 7y, are
fixed across all experiments to keep relative com-
parisons across perturbations meaningful. The
threshold of 0.8 was chosen because in the
all-mpnet-base-v2 embedding space sentence
pairs with cosine similarity below this value are



typically only loosely related, while values above
it correspond to paraphrastic or near-paraphrastic
agreement. We did not run a full sweep over Tajign;
this dependence is acknowledged in the Limitations
section.

B.2 GraphF1

Idealized objective. Given predicted graph
G(VP,EP) and gold graph G(V9I,EY9), we
seek the Maximum Common Induced Subgraph
(MCIS):

Gmcis(vmciSa Emcis) - MCIS<G(VP7 Ep))
GV, Eg)).
If the largest matched subgraph contains k& =

|Vineis| nodes, then

ko
Vel

k

Pgraph = T'graph = Wa

and the final score is

graph 2pgralph Tgraph
1 = —
Dgraph 1 T'graph

This procedure captures both node correctness
and edge consistency, providing a stricter evalua-
tion than simple edge overlap.

Implementation. Exact MCIS on labeled graphs
is NP-hard. As in Chain F1, the predicted and
gold node sets do not share identifiers and must be
aligned semantically before any subgraph notion
makes sense. We approximate the MCIS objective
as follows:

1. Compute the same SBERT
(all-mpnet-base-v2) embeddings, cosine-
similarity matrix, and Hungarian one-to-one
assignment as in Chain F1, and retain only pairs
with cosine similarity > 7yjgn = 0.8. Call the
retained alignment 7 and let S = 7(V?) C V9.
Map every predicted edge (u,v) € EP through
w, producing a set of induced edges on S.
Iteratively prune S: remove any node v € S
whose neighbor set induced from the mapped
predicted edges within S does not equal its
neighbor set in the gold graph restricted to S.
Repeat until no further removal is possible.

Let k = |S] after pruning and compute pgraph,
T'graphs flgraph as above.
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The pruning step enforces the induced-subgraph
condition: a node is retained only if its neighbor-
hood within S is identical under both the gold and
the mapped predicted edge sets. The output is
therefore a common induced subgraph of G? and
GY9 under the alignment 7. It is not necessarily
the maximum one, since 7 is fixed up front by the
embedding-based assignment rather than searched
jointly with S. The same encoder and threshold
as in Chain F1 apply, with the same caveat about
Talign SENSitivity.

B.3 BLEU and GLEU

BLEU (Papineni et al., 2002) measures n-gram
precision between candidate and gold step descrip-
tions, with a brevity penalty to discourage very
short outputs. GLEU (Wu et al., 2016) balances
precision and recall over n-grams, making it more
robust to short sequences. In our implementation,
all step descriptions of a workflow are concate-
nated (whitespace-joined, in order) into a single
document, and the score is computed once per
workflow against the corresponding gold concate-
nated document using NLTK’s sentence_bleu
(with  SmoothingFunction().methodl) and
sentence_gleu, with nltk.word_tokenize
tokenization. Workflow-level scores are then
averaged across the dataset to produce the means
reported in Table 5 and Appendix C.

B.4 BERTScore

BERTScore (Zhang et al., 2020) measures the se-
mantic similarity of step descriptions using contex-
tual token embeddings. Our implementation calls
the public bert_score library! with lang="en"
and rescale_with_baseline=True; under these
settings the library selects roberta-large as the
encoder and rescales each token-level similarity by
the corpus-baseline similarity between unrelated
sentence pairs. We report the rescaled F1, averaged
across the aligned step pairs within a workflow
and then across the dataset. The baseline rescaling
makes the absolute scores noticeably lower than the
un-rescaled BERTScore values typically reported
in the MT/summarization literature; the quantity
of interest in this paper is the relative change in
BERTScore across perturbation severities, which
is unaffected by the shift.

Alignment of unequal step lists. Since perturba-
tions such as Missing Steps and Compressed Steps

"https://github.com/Tiiiger/bert_score
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change the number of steps, the gold and perturbed
step lists are not the same length. BERTScore is
fundamentally a paired-list metric (item ¢ on the
candidate side is compared with item ¢ on the refer-
ence side), so some alignment policy is required be-
fore it can be invoked. We use a deliberately simple
and conservative rule: order-preserving truncation
to min(|gold|, |pred|), comparing the first min
step descriptions on each side. This choice keeps
BERTScore as a pure semantic-similarity signal
that complements, rather than duplicates, the other
metrics in our bundle. Specifically: (i) the cost
of deletions is already accounted for by the struc-
tural metrics (Graph and Chain F1), so introduc-
ing a length-mismatch penalty inside BERTScore
would double-count missing steps; and (ii) optimal-
assignment alignments (e.g., Hungarian matching
over embedding similarity) would re-import the
very signal that node-cosine similarity and the
embedding-based Kendall’s 7 alignment in the bun-
dle are designed to provide, again collapsing the
complementarity between metrics. Since our per-
turbations operate on contiguous subsets and pre-
serve the order of the remaining steps, the truncated
prefix is a faithful slice of the perturbed workflow
for semantic comparison.

B.5 Kendall’s 7

Kendall’s 7 (Kendall, 1938) measures the ordinal
correlation between two ranked lists. For work-
flows, we treat the step ordering as a ranking and
compute

C—-D

T=—,
in(n—1)

where n is the number of aligned steps being com-
pared, and C' and D denote the numbers of con-
cordant and discordant step pairs, respectively. T
ranges from —1 (complete disagreement) to 1 (per-
fect agreement).

B.6 LLM-as-Judge Prompts

For the LLM-as-Judge evaluation, we designed a
rubric-based prompt that instructs the model to
compare a generated workflow against a gold refer-
ence. Workflows are formatted with explicit node
and edge lists.

B.6.1 Rubric

* 0 = Completely Incorrect or Irrelevant

* 1 = Major Flaws (breaks core logic)

* 2 = Significant Issues (omits several key steps
or adds wrong steps)

¢ 3 = Noticeable Errors (minor reorder or one
extra/missing non-critical step)

4 = Very Good (only one minor step missing)

* 5 = Perfect Match (fully adheres, detailed,
accurate)

B.6.2 Anchor Examples

We provide concrete anchors to calibrate the
model’s scoring:

* Example A (Score 4): Workflow missing one
minor step.

* Example B (Score 5): Workflow perfectly
matches the gold.

* Example C (Score 3): Workflow with minor
reordering of steps.

* Example D (Score 2): Workflow with extra
irrelevant steps.

» Example E (Score 0): Workflow completely
incorrect relative to task.

B.6.3 Prompt Format

The model is instructed to:
1. List nodes and edges from both workflows.
2. Match nodes by content.
3. Identify missing, extra, or reordered steps.
4. Assign an initial score using the rubric.

5. Perform a self-check: confirm if the initial
score strictly follows the rubric.

6. Adjust to a final score if necessary.
B.6.4 Expected Output

The model must return exactly one JSON object
with the fields:

{
"ThoughtChain”: "<step-by-step reasoning>",
"initial_score"”: <int 0-5>,
"self_check"”: {
"consistent”: "Yes"|"No",
"final_score”: <int 0-5>
}’
"justification”: "<one-sentence summary>"
}
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Table 2: Average metric scores (mean = std) at different
perturbation levels for Missing Steps.

Table 4: Average metric scores (mean = std) at different
perturbation levels for Description Changes.

Metric Perturbation Level Metric Perturbation Level
10% 30% 50% 10% 30% 50%

Graph F1 0.90+0.06 0.76+0.06 0.6140.06 Graph F1 0.97+0.08 0.91+0.12 0.85+0.16
Chain F1 0.904+0.07 0.76+0.06 0.6140.06 Chain F1 0.96+0.08 0.914+0.12 0.85+0.16
BLEU 0.794+0.13 0.524+0.14 0.2940.13 BLEU 0.85+0.12 0.66+0.14 0.504+0.15
GLEU 0.80+0.11 0.584+0.11 0.4240.11 GLEU 0.86+0.10 0.674+0.13 0.52+0.14
BERTScore 0.81+0.26 0.684+0.28 0.72+0.30 BERTScore 0.9440.20 0.864+0.21 0.79+0.21
Kendall’s Tau  0.81+0.09 0.614+0.08 0.44+0.07 Kendall’s Tau  1.00+0.05 0.9940.08 0.99+0.09
LLM-as-Judge 0.644+0.21 0.364+0.08 0.3240.10 LLM-as-Judge 0.984+0.08 0.9940.07 0.9940.06

Table 3: Average metric scores (mean = std) at different
perturbation levels for Compressed Steps.

Metric Perturbation Level
10% 30% 50%

Graph F1 0.86+0.10 0.66+0.15 0.454+0.18
Chain F1 0.86+0.10 0.66+0.15 0.4440.18
BLEU 0.874+0.14 0.714£0.17 0.5140.20
GLEU 0.86+0.12 0.70+0.15 0.53+0.17
BERTScore 0.414+0.26 0.36+0.25 0.324+0.24
Kendall’s Tau 0.744+0.14 0.464+0.16 0.17£0.19
LLM-as-Judge 0.644+0.22 0.414+0.13 0.3740.10

B.6.5 Implementation Notes

We use GPT-40 via Azure OpenAl with tempera-
ture 0.0 to minimize randomness. Each workflow
pair is evaluated by three independent calls of the
same prompt template; the three per-call scores are
averaged to absorb residual non-determinism from
the inference backend. We do not vary the prompt
template across calls.

C Results Analysis

Note on reproducing Table 5 from these tables.
The sensitivity values Aj,® reported in Table 5
are computed from the unrounded per-severity
means, whereas the tables above display those
means rounded to two decimal places. Applying
the formula A% = 2.5 - [5,,(10%) — 8,,(50%)]
to the rounded values in Tables 2—4 will therefore
reproduce Table 5 only up to +0.02 per cell; this
difference is rounding noise, not a discrepancy in
the underlying data.

Deriving the metric bundle and alert thresholds
(Table 1). The Primary/Secondary assignments
and operating-point thresholds in the practical-
guidance bundle are read directly off the sensitivity
matrix (Table 5) and the per-severity score tables
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Table 5: Metric sensitivity A2V& (per-row mean degrada-
tion rate, Section 5.1) across all metrics and perturbation
types. Markers: A high (> 0.8), e moderate (0.3-0.8),
o low (< 0.3).

Metric Missing Compressed Description
Graph F1 0.72e 1.04 A 0.290
Chain F1 0.72e 1.04 A 0.290
BLEU 1.23 A 0.88 A 0.88 A
GLEU 0.96 A 0.84 A 0.84 A
BERTScore 0.240 0.230 0.39 e
Kendall’s 7 0.94 A 1.42 A 0.020
LLM-as-Judge 0.80 A 0.70 e —0.030

(Tables 2—4); they are operating-point recommen-
dations rather than tuned hyperparameters.

Primary/Secondary selection. For each failure
mode we take as Primary the metric family that is
both highly sensitive to that perturbation and diag-
nostically specific (comparatively unresponsive to
the unrelated modes), and as Secondary a comple-
mentary family that covers the Primary’s blind spot.
(i) MISSING STEPS: structural Graph/Chain F1
(A = 0.72) localizes node loss, paired with LLM-
as-Judge (A = 0.80) for semantic completeness;
lexical metrics, although numerically more sensi-
tive (AgLgy = 1.23), are not chosen as Primary
because they fire almost equally on all three modes
(0.88 on both Compressed and Description) and are
therefore non-specific. (ii) COMPRESSED STEPS:
Kendall’s 7 has the largest sensitivity (A = 1.42)
and is near-inert under Description changes (0.02),
making it a specific ordering probe, paired with
structural F1 (A = 1.04). (iii) DESCRIPTION
CHANGES: lexical BLEU/GLEU are the only fam-
ily that moves while structure and order stay flat
(Kendall’s 7 A = 0.02, structural 0.29), paired
with BERTScore (A = 0.39) to bound whether
paraphrasing altered meaning.

Threshold selection. Each alert threshold is an
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Figure 4: Visualization of MISSING STEPS perturbations applied to the six-node blog generation workflow. At each
level, a proportional number of nodes is randomly dropped: 1 node (10%), 2 nodes (30%), and 3 nodes (50%).
Higher perturbation levels result in increasingly incomplete workflows that diverge from the golden sequence.

operating point placed in the separating band be-
tween the Primary metric’s mean score under mild
(10%) and moderate (30%) perturbation. Candi-
dates statistically consistent with <10% degrada-
tion therefore pass, while those reaching ~ 30%
degradation or worse are flagged. For MISSING
STEPS, Graph/Chain F1 falls 0.90 - 0.76 — 0.61
across 10/30/50%, so the trip point is set at 0.75
(the 30% level). For DESCRIPTION CHANGES,
BLEU/GLEU fall ~0.85—0.66 —0.50, giving a
threshold of 0.70, just above the 30% mean. For
COMPRESSED STEPS, Kendall’s 7 drops steeply
and with high variance (0.74+0.14 — 0.464-0.16);
the threshold is set more conservatively at 0.65, be-
tween the 10% and 30% means, to catch fast-onset

ordering regressions earlier. These values are de-
faults intended to be re-tuned to a deployment’s

own tolerance for missed regressions versus false

alerts.
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