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Abstract

Transformer self-attention computes global pair-
wise interactions across its input, leaving no archi-
tectural isolation between concatenated prompt
modules. Three architectural inductive biases—
proactive interference, coverage-bounded compo-
sitional generalization, and format sensitivity—
jointly predict cross-module behavioral interfer-
ence not derivable from per-module testing, yet
no current agent benchmark measures it. We
contribute a theory-anchored benchmark proto-
col whose three perturbation channels (volume,
content, form) each isolate one of the predicted
mechanisms, with paired effect sizes and boot-
strap CIs as the calibrated readout. On a de-
ployed job-evaluation agent (Claude Sonnet 4.6,
144 trials), only the content channel produces a
detectable effect (Cohen’s d = 0.63, bootstrap
95% CI [+0.03,+0.31], excluding zero); volume
and form CIs include zero, discriminatively lo-
calizing interference to coverage-bounded com-
position. We formalize compositional behavioral
leakage (CBL) and derive falsifiable predictions
framing the multi-system replication program.

1. Introduction
Prompt-composed agentic systems assemble agent behav-
ior at runtime from natural-language modules (Steinberger,
2026; Fernández de Valderrama, 2026; Wang et al., 2024;
Gauthier, 2023) an LLM interprets as policy (Appendix A).
Practitioners report a recurring failure mode: editing one
prompt module silently shifts another’s behavior despite no
shared variable or executable dependency (Subrahmanyam,
2025).

Self-attention computes global pairwise interactions across
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the composed context with no module-level isolation; a ###
Persona heading is a writing convention, not a namespace
boundary. Three architectural inductive biases—proactive
interference (Wang & Sun, 2025), coverage-bounded com-
positional generalization (Chang et al., 2026; Dziri et al.,
2023), and acute format sensitivity (Sclar et al., 2024)—
jointly predict that each novel module combination is a
distribution shift whose behavioral consequences are not
derivable from per-module evaluation. Yet no current agent
benchmark measures it (Appendix E).

We contribute (i) a formal definition of compositional be-
havioral leakage (CBL); (ii) a decomposable three-channel
benchmark protocol (volume ↔ proactive interference, con-
tent ↔ coverage-bounded composition, form ↔ format sen-
sitivity); (iii) an existence proof (Claude Sonnet 4.6, 144
trials) yielding the discriminative C1-null/C2-positive/C3-
null pattern; and (iv) falsifiable predictions framing the
multi-system replication program.

2. Theoretical Framework and Operational
Definition

2.1. Operational Definition

Let M = {m1,m2, . . . ,mn} be a set of prompt modules
concatenated into an LLM’s input context, and let B(mi | C)
denote the observable behavior of module mi given con-
text C under any task-specific metric. The system exhibits
compositional behavioral leakage (CBL) when

B(mi | M) ̸= B(mi | {mi})

despite mi being semantically independent of the other mod-
ules in M. Any stochastic model satisfies this strict inequal-
ity trivially; we therefore operationalize CBL as a paired
effect size whose bootstrap CI excludes zero, with control
conditions whose CIs include zero serving to discriminate
genuine interference from stochastic fluctuation.

2.2. Architectural Inductive Biases Predicting CBL

Three architectural inductive biases each specify a direc-
tional perturbation channel:
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Proactive interference (volume channel). Wang and
Sun (2025) show that LLM retrieval accuracy declines
log-linearly with accumulated interfering context. Ear-
lier modules actively degrade later ones, predicting that
increasing context volume—even with semantically unre-
lated material—is itself an interference channel detectable
only under composition.

Coverage-bounded composition (content channel).
Chang et al. (2026) formalize that compositional success
is bounded by training-distribution coverage; transform-
ers collapse into pattern matching under compositional
depth (Dziri et al., 2023). Novel combinations are out-
of-distribution, predicting that edits to non-focal modules
leak into focal-module behavior.

Format sensitivity (form channel). Sclar et al. (2024)
document accuracy swings of up to 76 percentage points
within a single model from meaning-preserving format
changes. In composed prompts, composition syntax is it-
self a behavioral variable: heading hierarchies and section
ordering predict format-driven interference independent of
semantic content.

3. Three-Channel Protocol and Existence
Proof

3.1. Channels Anchored to Mechanisms

Each mechanism in §2 predicts a directional effect under
a distinct perturbation channel; an interference-detecting
benchmark must isolate the three. Against an unmodified
baseline (C0: the deployed system prompt as shipped), we
define:

C1 (volume channel). Baseline + an unrelated 200-line
recipe-evaluation module.

C2 (content channel; primary test). Baseline with a se-
mantically irrelevant archetype appended to the shared rules
file (Appendix B).

C3 (form channel). Baseline with meaning-preserving
structural changes (heading levels, emoji markers, section
reordering) to non-focal modules.

By construction the protocol is decomposable and discrimi-
native: each channel encodes a directional theoretical pre-
diction, and the joint pattern selects among competing mech-
anisms rather than registering an aggregate “something in-
terferes” signal.

3.2. Instantiation and Calibrated Readout

We instantiate the protocol on career-ops (2026), a deployed
job-evaluation agent scoring JDs on a 1–5 rubric. We pre-

Table 1. Per-condition cv-match scores relative to C0 (baseline;
mean = 2.72, SD = 1.23). C2 (content channel, primary test)
shows a bootstrap 95% CI excluding zero; C1 (volume) and C3
(form) controls do not. Effect sizes (Cohen’s d) computed on
JD-level paired means (N =12); bootstrap 95% CIs on ∆ from
10,000 resamples.

Cond. Mean SD ∆ d 95% CI (∆)

C1 (volume) 2.69 1.19 −0.03 −0.11 [−0.19, +0.11]
C2 (content) 2.89 1.17 +0.17 0.63 [+0.03, +0.31]
C3 (form) 2.64 1.27 −0.08 −0.29 [−0.25, +0.08]

specify cv-match—directly downstream of the Archetype
Detection table modified in C2—as the primary outcome:
interference has its highest theoretical prior here. Each
condition runs on 12 JDs × 3 independent runs using Claude
Sonnet 4.6 (144 total trials); effect sizes (Cohen’s d) with
bootstrap 95% CIs on ∆ from 10,000 resamples are the
primary readout (Appendix F).

3.3. Discriminative Result

The pattern is discriminative as predicted: only the con-
tent channel fires. C2 produces d = 0.63 (∆ = +0.17,
bootstrap 95% CI [+0.03, +0.31], excluding zero), with 8
of 12 JDs shifting upward—a textbook CBL signature on
a metric the perturbed module should not influence. C1
(d = −0.11, volume channel) and C3 (d = −0.29, form
channel) yield CIs spanning zero, ruling out the proactive-
interference and format-sensitivity predictions and isolating
coverage-bounded composition as the surviving mechanism.
No recommendation flipped—a sub-threshold drift regime
standard QA cannot detect (Appendix D).

4. Falsifiable Predictions and Discussion
Three falsifiable predictions frame the multi-system repli-
cation program, each testable on artifacts current deploy-
ments already emit. (i) Cross-model variation. Cross-
module interference magnitude should vary substantially
across model families: within-model format perturbations
alone produce up to 76 percentage-point swings (Sclar
et al., 2024), making model-migration testing a first-class
requirement. (ii) Semantic-distance gradient. Shifts on
rubric dimensions semantically proximate to the modified
module should systematically exceed shifts on distal di-
mensions, providing a graded interpretability test of the
attentional-pathway hypothesis. (iii) Threshold-crossing
scaling. Recommendation-flip rates should scale with inter-
vention magnitude and with cross-module semantic overlap.

Single-system scope suits the existence proof; the predic-
tions convert it into a research program, with regression-
testing instantiation in Appendix C.
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Impact Statement
CBL is a measurable failure mode in score-based decision
systems with downstream consequences in hiring, credit,
and triage; our contribution is diagnostic—formalizing and
measuring an existing phenomenon to enable mitigation,
not introducing new capabilities.
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A. Extended System Descriptions
This appendix elaborates the four prompt-composed agentic systems referenced from §1, providing per-system descriptions,
the composition-mechanism spectrum, and the maturation pattern that together establish prompt-composed agents as a
distinct system class within agentic systems.

The pattern. A prompt-composed agentic system is one in which non-trivial behavioral decision logic—scoring rubrics,
workflow sequencing, persona definitions, tool-selection criteria—is encoded in human-authored text files an LLM interprets
via attention rather than executes via a runtime. Table 2 surveys four open-source exemplars spanning a composition-
mechanism spectrum from markdown convention (Steinberger, 2026; Fernández de Valderrama, 2026) through Jinja2
templating (Wang et al., 2024) to Python class inheritance (Gauthier, 2023); in every case behavioral logic resides in text the
LLM interprets via attention while code handles only deterministic I/O.

Table 2. Four prompt-composed agentic systems spanning a composition-mechanism spectrum. None asserts behavioral output of prompts
in CI.

System Format Composition Files Beh. tests

OpenClaw Markdown Convention SOUL/SKILL + 10K skills Manual only
career-ops Markdown Convention 18 modes + CLAUDE.md Struct. lints
OpenHands Jinja2 {% include %} 51 .j2 Rendering only
aider Python Inheritance 19 prompts.py Parser tests

OpenClaw. OpenClaw (2026) (369K GitHub stars) exemplifies the paradigm at maximum scale. Users compose
personality files (SOUL.md), capability modules (SKILL.md), and orchestration rules (AGENTS.md) that are concatenated
into the system prompt at startup. Over 10K community-authored skills are installable from a public registry, with no
sandboxing between skill contexts—composition is resolved entirely by the LLM’s attention mechanism.

career-ops. career-ops (2026), a job-evaluation pipeline, uses 18 markdown mode files with explicit cross-references. All
behavioral logic—archetype taxonomy, scoring rubric, decision thresholds—resides in markdown; code handles only I/O.

OpenHands. OpenHands (2024) uses Jinja2 templating to enable modular composition, yet rendered prompts are still
concatenated into a single context window before reaching the LLM.

aider. aider (2023) encodes prompts as Python string constants on classes that inherit from a CoderPrompts base.
This is the most code-like mechanism—but the strings are still natural-language behavioral specifications interpreted via
attention.

Maturation pattern. As systems mature, composition migrates out of prompts into code or external services (conventions
→ templates → class inheritance → prompt-management services)—tacit acknowledgment that text-level composition is
fragile. Yet the most widely deployed systems (OpenClaw, AGENTS.md/CLAUDE.md across thousands of repositories)
still compose at the text level, with composition resolved at runtime by the LLM’s attention mechanism rather than by any
explicit isolation primitive.

B. Prompt Manipulation: C0 vs. C2
The shared rules file consumed by the job-evaluation agent contains an Archetype Detection table that maps role types
to keyword signals. Condition C0 (baseline) uses the original table; Condition C2 appends a semantically irrelevant
“Professional Chef” archetype together with a culinary-specific evaluation note. The excerpts below show the Archetype
Detection section only; all other sections of the rules file are identical across conditions.

C0 — Baseline

5
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C0 — Baseline rules file (excerpt)

## Archetype Detection

Classify every offer into one of these types (or hybrid of 2):

| Archetype | Key signals in JD |
|--------------------------|-------------------------------------------------|
| AI Platform / LLMOps | "observability", "evals", "pipelines", ... |
| Agentic / Automation | "agent", "HITL", "orchestration", ... |
| Technical AI PM | "PRD", "roadmap", "discovery", ... |
| AI Solutions Architect | "architecture", "enterprise", "integration", ...|
| AI Forward Deployed | "client-facing", "deploy", "prototype", ... |
| AI Transformation | "change management", "adoption", ... |

After detecting archetype, read _profile.md for the user’s specific
framing and proof points for that archetype.

C2 — Irrelevant-Archetype Addition

Lines marked [+] are the only additions relative to C0.

C2 — Modified rules file (excerpt)

## Archetype Detection

Classify every offer into one of these types (or hybrid of 2):

| Archetype | Key signals in JD |
|--------------------------|-------------------------------------------------|
| AI Platform / LLMOps | "observability", "evals", "pipelines", ... |
| Agentic / Automation | "agent", "HITL", "orchestration", ... |
| Technical AI PM | "PRD", "roadmap", "discovery", ... |
| AI Solutions Architect | "architecture", "enterprise", "integration", ...|
| AI Forward Deployed | "client-facing", "deploy", "prototype", ... |
| AI Transformation | "change management", "adoption", ... |
| Professional Chef / | "kitchen management", "menu design", [+]
| Culinary Specialist | "food safety", "culinary arts", ... [+]

After detecting archetype, read _profile.md for the user’s specific
framing and proof points for that archetype.

The added archetype is semantically unrelated to any of the twelve job descriptions used in the experiment, yet its presence
in the shared context shifts cv-match scores (§3, Table 1).

C. Regression Testing Framework
Prompt modules treated as software components require regression testing across four categories: compositional consistency,
module-interaction regression, format-perturbation robustness, and model-migration testing (Chang et al., 2026; Sclar et al.,
2024). Conditions C1–C3 in §3 instantiate the latter three, providing a reusable protocol; none of the systems in Appendix A
implements any of these tests. Practitioners’ informal “prompt sprawl” (Subrahmanyam, 2025) acquires an operational
definition.

Compositional consistency. Behavior of a focal module under composition with the full module set should approximate
its behavior under singleton context: B(mi | M) ≈ B(mi | {mi}) across representative module sets. Deviations indicate
cross-module interference and should be quantified by paired effect sizes with bootstrap confidence intervals, as instantiated
by the C0-vs-C2 contrast in §3.
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Module-interaction regression. When a module is added to an existing module set, the behavioral suite for all existing
modules must be re-evaluated. Condition C1 in §3 instantiates this test: the focal module’s behavior is measured under
(existing modules) versus (existing + added module), detecting whether the addition silently shifts non-focal-module
behavior.

Format-perturbation robustness. Module behavior should survive meaning-preserving structural changes (heading
levels, list formatting, whitespace, section ordering) to co-resident modules. Condition C3 in §3 instantiates this test. Format
perturbation is a documented first-class behavioral variable, not a nuisance variable (Sclar et al., 2024).

Model-migration testing. Coverage-bounded composition (Chang et al., 2026) makes interference magnitude training-
distribution-dependent, so behavioral drift must be re-measured under model updates. Cross-model differences exceed
within-model format perturbations (Sclar et al., 2024), predicting at least comparable variation. Behavioral suites pinned to
a specific model version must be re-run on every model upgrade rather than assumed transferable.

Scaling considerations. Pairwise interaction testing scales as O(n2)—prohibitive for OpenClaw’s 10K+ community-
authored skills, which yield over 50 million pairwise combinations before considering higher-order interactions. Practical
testing strategies must therefore use sampling-based approaches: random pair sampling for monitoring, semantic- or
attention-distance-weighted sampling for high-risk pairs, or covering-design approaches drawn from combinatorial software
testing. None of the systems in Appendix A currently implements any form of regression test along any of these categories.

D. Sub-Threshold Drift in Deployed Systems
Relationship to adjacent failure modes. CBL is orthogonal to known agent-failure axes: single-agent (vs. compositional
privacy leakage (Patil et al., 2025)), accidental (vs. adversarial prompt injection), and arising at initialization (vs. longitudinal
cognitive degradation (Atta et al., 2025)).

CBL’s practical consequence is quiet unreliability, not loud failure: in our experiment no recommendation flipped while scores
shifted systematically. Under continuous prompt evolution—community-contributed skills, accumulating CLAUDE.md
rules, user-customized archetypes—such silent drift is hard to detect and harder to audit. C2’s result lies in the regime CBL
predicts under small semantic interventions: score-based outputs drift before decision boundaries cross. Sub-threshold drift
is invisible to standard QA (which checks decisions, not score distributions), compounds across the thousands of decisions a
deployed agent makes, and propagates into downstream ranking, prioritization, and aggregation systems where magnitude
matters independently of individual flips. Detecting it requires protocols like the C0–C3 framework—the methodological
contribution of this paper. CBL likely extends to multimodal agents and web-browsing agents that compose instructions
with crawled content. Whether providers can offer module-isolation primitives—e.g., separately cached prompt segments
with restricted cross-segment attention—or whether global attention makes text-level isolation fundamentally impossible is
an open question the protocol is positioned to adjudicate.

E. Adjacent Agent-Benchmark Work
Existing protocols target adversarial injection (Debenedetti et al., 2024), multi-agent fault propagation (Jia et al., 2026),
compositional privacy leakage (Patil et al., 2025), longitudinal cognitive degradation (Atta et al., 2025), or compositional
skill use (Yu et al., 2024); modular-prompting work (Khot et al., 2023; Chen et al., 2022; Pilault et al., 2023; Dun et al.,
2025) sidesteps this regime via soft prompts or differentiable gating.

F. Within-Condition ICC and Power
Within-condition ICC for cv-match is 0.925, so paired contrasts at N =12 retain power for the medium-to-large effects
predicted under semantic interventions.

7


