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ABSTRACT

Agentic systems operating over heterogeneous data ecosystems
face data management challenges distinct from single-turn LLM
inference. When a pipeline ingests large artifacts—log streams, data-
base query results, document corpora—into a monolithic context
window, the result is unbounded, non-queryable state that is ex-
pensive to recover on failure.

We present structured state management (SSM), a data-centric
architectural pattern in which each pipeline stage reads only its
declared upstream keys, every stage output is schema-validated
before commit to a persistent state store, and the execution engine
performs selective recovery—retrying only the failed stage over its
bounded context.

We evaluate SSM on two data-intensive workloads: Kubernetes
root cause analysis (84,000-record input artifact) and multi-file
code debugging. Across three configurations (monolithic, static-
decomposed, SSM), we find that static decomposition increases retry
cost by 80.5% over monolithic (1,632 + 145 vs. 904 + 17 tokens) due
to cascading re-reads of upstream state, while SSM reduces retry
cost by 73.2% over static decomposition and 51.7% over monolithic
(436 + 132 tokens). Schema contracts also create structured human-
in-the-loop intervention points at every stage boundary.
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1 INTRODUCTION

LLM-powered agents are increasingly deployed as data pipelines:
they ingest structured logs, database results, knowledge graph tra-
versals, and document corpora; classify, aggregate, and reason over
those inputs; and produce structured outputs feeding downstream
systems. Site reliability agents process thousands of metric time-
series per incident [3]; code review agents ingest full repository
histories; data quality agents scan entire table columns. These work-
loads create data management challenges—bounding ingestion cost,
validating intermediate results, recovering from partial failures—
that are recognisably the same problems that batch and streaming
pipeline research has addressed for decades.
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Current agent frameworks treat these challenges as afterthoughts.
AutoGen [20], LangGraph [8], and DSPy [6] typically pass full data
artifacts as LLM context, producing three failure modes:

e Unbounded ingestion cost. Every LLM call re-reads the full
input regardless of which portion is relevant.

e Non-queryable intermediate state. Results are embedded as
unstructured text in subsequent prompts rather than typed, ad-
dressable records.

e Cascading recovery. On failure, the pipeline re-reads and re-
executes all downstream steps from the failure point, paying full
ingestion cost repeatedly.

These are data management failures, not model failures: the
absence of schemas, typed stage interfaces, persistent queryable
state, and dependency-aware recovery.

Our contribution. We present structured state management
(SSM), which organises an agentic pipeline as a sequence of judg-
ment stages, each with declared input and output schemas. Stage
outputs are committed to a persistent state store as typed records
keyed by stage identifier. Downstream stages read only their de-
clared dependencies—a relational projection over pipeline state
rather than full context re-ingestion. Failed stages are retried over
their bounded input only.

The central empirical finding is counterintuitive: static decompo-
sition increases recovery cost over monolithic (1,632 + 145 vs. 904 +
17 tokens, +80.5%), because sequential pipelines without runtime
branching must re-execute all downstream stages from the fail-
ure point. SSM reduces recovery cost to 436 + 132 tokens—a 51.7%
reduction over monolithic and a 73.2% reduction over static.

Our contributions are: (1) a data-centric formalisation of SSM,
connecting agentic pipeline design to established data management
primitives (§2); (2) a three-configuration empirical evaluation show-
ing that runtime-controlled recovery, not decomposition structure
alone, drives efficiency gains (§3); and (3) a discussion of schema
contracts as a structured human-in-the-loop mechanism (§4).

2 STRUCTURED STATE MANAGEMENT

SSM organises a pipeline into three interacting components (Fig-
ure 1).

Judgment Stages. Each stage s declares input dependencies Dy
(the state-store keys it reads) and output schema ;. Its context is
exactly Ugep, StateStore[k]—a relational projection over accumu-
lated pipeline state. This enforces context minimality and schema
integrity by construction.

State Store. A persistent, append-only key-value store keyed
by stage identifier. Downstream stages access upstream results by
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Figure 1: SSM architecture. Judgment stages are dispatched
over projected state; outputs are schema-validated before
commit. Failed stages are retried over their bounded context
only.
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Figure 2: Recovery behavior under stage failure. Monolithic
reruns the full pipeline; static reruns all downstream stages;
SSM retries only the failed stage.

key, not by position in a context buffer, enabling non-sequential de-
pendency arcs. In the RCA pipeline (§3), the Log Triage stage feeds
both Anomaly Classification and Root Cause Analysis directly—
a skip arc impossible in purely sequential context accumulation.
This addresses the bounded-context problem identified in prior
work [12, 16]: rather than engineering around context limits, SSM
eliminates unnecessary re-ingestion structurally.

Execution Engine and Recovery. At each stage: (1) project
Ds from the state store; (2) invoke the LLM call; (3) validate output
against Xg; (4) on pass, commit to the state store; (5) on fail, retry
over the same projected context, appending the validation error.
If all retries fail, raise a structured exception. Figure 2 illustrates
the recovery difference. The retry scope is exactly the failed stage
over its declared dependencies—no upstream data is re-ingested,
no downstream stages are re-executed.

Implementation. We use the Mellea framework [15], which
provides typed LLM calls with enforced input/output schemas,
persistent session state, and automated validation-and-repair:

result = session.instruct(
prompt = "Classify anomalies from triage JSON."
" Qutput: [{anomaly,type,severity,conf}]",
requirements = [
"Output must be a JSON list.",
"Each item must have: anomaly, type,
severity, confidence."
D
# On failure, Mellea appends the validation
# error and retries with scoped context only.

3 EMPIRICAL EVALUATION

Configurations. (i) Monolithic: full task logic in a single LLM
prompt; (i) Static: same stage graph as SSM, fixed sequential exe-
cution, no runtime branching; (iii) SSM: our approach with schema-
validated state store and selective stage recovery. The static baseline
isolates whether efficiency gains come from decomposition struc-
ture alone or from runtime recovery.

All configurations use gpt-4 at temperature 0; tokens are mea-
sured via tiktoken; each is run 10 times. Non-zero standard devi-
ations at temperature 0 reflect API-side scheduling variability, not
sampling randomness. Recovery cost is measured under controlled
failure injection (one missing required JSON field), since natural
failure rates are low at temperature 0; controlled injection enables
statistically stable comparison without thousands of pipeline runs.

Natural failure rates. Natural schema validation failures oc-
curred in 2 of 100 stage executions in Workload 1 (2.0%) and 0 of
40 in Workload 2, confirming that the primary robustness concern
is recovery cost architecture, not failure frequency.

3.1 Workload 1: Kubernetes Root Cause
Analysis

The task involves an OOMK:ill on payment-svc (deployment v2.4.2),
database connection pool exhaustion, and a p99 latency SLA breach—
ground truth: a deployment regression introducing unbounded
in-memory batch processing. The input artifact totals 84,000 in-
voice records across raw container logs, metric time-series, and
deployment event streams.

The SSM pipeline uses five stages: Log Triage (reads raw logs),
Anomaly Classification (reads triage JSON), Root Cause Analy-
sis (reads triage JSON + anomaly list via skip arc), Remediation
Planning (reads RCA JSON), and Report Synthesis (reads RCA +
remediation). No stage re-ingests the raw log artifact after Stage 1.
The static baseline uses the same five stages sequentially; on Stage 3
failure, it reruns Stages 3-5.

Static decomposition increases recovery cost by 80.5% over mono-
lithic (1,632 vs. 904 tokens): sequential execution must re-run Stages 3—
5, whose combined cost exceeds the monolithic single call. SSM
retries only Stage 3 over its declared dependencies, consuming
436 + 132 tokens—a 51.7% reduction over monolithic and 73.2%
reduction over static. Framework overhead (5.18s, ~18% of to-
tal latency) is dominated by LLM API cost. SSM’s higher normal-
execution token count (2,716 vs. 904 for monolithic) reflects five



Table 1: Kubernetes RCA across 10 runs. Recovery cost under
simulated Stage 3 failure.

Metric Mono. Static SSM
Tokens (mean + sd) 904 + 17 2,553 +224 2,716 + 424
Latency s (mean + sd) 10.41 +2.31 22.76 +2.52 28.78 +5.06

LLM API (s) 10.41 18.66 £2.07 23.60 +4.15

Framework (s) —  410+045 5.18+0.91
LLM calls 1 5 5
Correct 100% 100% 100%
Recovery tokens 904 + 17 1,632 + 145 436 + 132

Table 2: Multi-file debugging across 10 runs. Recovery cost
under simulated Validation failure.

Metric Mono. Static SSM
Tokens (mean + sd) 703 +49 2,181 +240 2,225+ 270
Latency s (mean + sd) 15.37 +18.38 26.28 +£2.59 21.91+2.70

LLM API (s) 15.37 £ 18.38 21.55+2.13 17.96 £ 2.21

Framework (s) — 4734047 3.94+0.49
LLM calls 1 4 4
Correct 100% 100% 100%
Recovery tokens 703 + 49 933 + 93 460 + 77

bounded-context calls replacing one monolithic prompt; the ef-
ficiency advantage is realized on recovery paths and per-stage
observability, not single-shot throughput.

3.2 Workload 2: Multi-File Code Debugging

The task involves a two-file Python pipeline with three causally
ordered bugs: a wrong aggregation operator in pipeline.py, an
off-by-one sliding window error masked by the first bug, and a
type mismatch in validator. py unreachable until both are fixed.
The SSM pipeline uses four stages; on Validation failure, only Fix
Generation is retried over the bug analysis JSON—not the full source
files.

Static decomposition increases recovery cost by 32.7% over mono-
lithic (933 vs. 703 tokens), a smaller effect than Workload 1 because
the dependency chain is shallower (two cascading stages vs. three).
SSM reduces recovery cost to 460 tokens (34.6% below monolithic).

3.3 Design Implications

Recovery cost scales with pipeline depth, not decomposition count.
The difference between Workload 1 (+80.5%, 3 cascading stages)
and Workload 2 (+32.7%, 2 cascading stages) confirms that static
decomposition’s recovery penalty is a function of downstream de-
pendency depth. SSM eliminates this scaling relationship by scoping
recovery to the failed stage regardless of depth.

Stage boundaries are natural AgentOps instrumentation points.
Natural failure data localises the only observed failure to Anomaly
Classification (Stage 2) in Workload 1—identifiable without full
pipeline replay. In a monolithic configuration, this failure silently
degrades the final report with no stage-level attribution.

Per-stage model substitution is structurally available. Framework
overhead is consistent across stages (=18% of wall time), so individ-
ual stages can be assigned different models—a smaller model for de-
terministic format conversion, a larger model for causal inference—
without reconfiguring the orchestration layer.

4 HUMAN-IN-THE-LOOP VIA SCHEMA
CONTRACTS

SSM’s schema contracts create structured human oversight points
absent in monolithic pipelines. The state store exposes validated,
typed intermediate results at every stage boundary, enabling a
human operator to: inspect any stage’s committed output as a
structured record before downstream execution; override a mis-
classified label or wrong root cause attribution and resume from that
checkpoint without rerunning upstream stages; or halt the pipeline
if committed output violates a domain invariant that schema alone
cannot express.

When a stage exhausts its retry budget, SSM raises a structured
exception containing the stage identifier, last attempted output, and
validation error. A human reviewer inspects the bounded context of
the failed stage—a small JSON object—rather than a multi-thousand-
token prompt, corrects the output, and injects it into the state
store to resume execution. This graceful degradation with human
takeover is qualitatively different from monolithic failure modes,
where malformed intermediate outputs silently corrupt the final
result.

Each commit generates an audit record (stage ID, schema version,
validation outcome, input keys, token count, timestamp)—a pipeline
provenance log that supports governance requirements in regulated
domains such as incident response and financial analysis. A con-
fidence field in the stage output schema can also trigger human
review when below a threshold, combining schema-integrity and
model-confidence intervention mechanisms into a single check-
point.

5 RELATED WORK

Agentic pipeline frameworks and coding systems. DSPy [6],
LangGraph [8], and AutoGen [20] define pipeline structure stati-
cally; branching and recovery are not first-class primitives. DSPy
Assertions [18] enforce semantic constraints within a module; our
schema contracts enforce integrity between stages. SWE-agent [21]
and OpenDevin [19] represent the state of the art in agentic soft-
ware engineering but treat recovery and context management as
framework concerns, not first-class data management primitives.
Reflexion [17] retries at the full-task level; LLMCompiler [7] par-
allelises a statically derived task graph. SSM differs by scoping
retry to the failed stage and adapting branching at runtime against
validated state.

Data management for agentic systems. Recent CIDR work
argues that data systems must be fundamentally redesigned for
agent-first workloads [13], and that declarative query processing
can optimise Al-powered analytics pipelines [11]. SSM addresses
the complementary problem: managing the intermediate state pro-
duced by LLM inference stages, applying schema contracts and
dependency-aware recovery to the LLM inference layer of a data



pipeline. Apache Flink [1] achieves fault tolerance through check-
pointing; SSM applies analogous principles where recovery targets
schema-valid LLM output rather than bit-identical operator results.

Context and memory management. MemGPT [16] addresses
the bounded-context problem through virtual memory paging for
LLMs; attention degradation over long inputs is well-documented [12].
SSM eliminates unnecessary context re-ingestion structurally via
key-based projection, without relying on retrieval or paging at in-
ference time. RAG systems [9] address the same problem at the
document level; SSM stages can invoke RAG retrievers as part of
their context projection.

Agent reliability and evaluation. MAST [2] taxonomises
multi-agent LLM failure modes; our stage-level schema validation
directly addresses malformed-output propagation and cascading
subtask failures. AgentBench [14], SWE-bench [5], and ITBench [4]
evaluate agent capability and IT automation; our evaluation ad-
dresses the complementary operational dimension: recovery effi-
ciency, context consumption, and observability.

6 CONCLUSION

We presented SSM, a data-centric pattern that applies typed inter-
faces, schema-validated persistence, and dependency-aware recov-
ery to agentic pipelines. The key empirical finding: static decompo-
sition can increase recovery cost by up to 80.5% over monolithic due
to cascading re-reads, while SSM achieves a 73.2% reduction over
static and 51.7% over monolithic—maintaining 100% task correct-
ness while providing stage-level audit records for human oversight.

Limitations and future work. Both workloads are at temperature 0
with simulated failures; natural failure rates are low (0-2%). Future
work includes evaluation on ITBench [4] and BIRD [10], automatic
schema inference from natural-language task descriptions, and
learned stage decomposition from execution traces. A Mellea [15]-
based reference implementation and workload scripts are available
from the authors.
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