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Abstract

Compound Al systems that coordinate multiple specialized agents
offer a promising path for complex reasoning tasks, yet principled
architectural patterns for multi-agent coordination over structured
data remain under-explored. We introduce Expansion-Contraction,
a multi-agent graph traversal pattern in which an expansion phase
walks a domain graph outward from a query origin, dynamically
spawning ephemeral specialist agents at each node, and a contrac-
tion phase aggregates their findings inward to produce a verdict.
Agent topology emerges isomorphically from the data graph rather
than being hand-designed, and each agent operates on a small local
context—avoiding the context-window saturation that degrades
single-agent approaches on large graphs. We instantiate the pattern
for supply chain root cause analysis, integrating domain-specific
tools with temporal lead-time propagation. Across eight datasets
(three real-world, five synthetic with controlled depth and width),
Expansion-Contraction achieves 98.2% accuracy on a production
supply chain (624 cases) and 100% on public benchmarks, outper-
forming single-agent baselines by 14+ percentage points while de-
grading gracefully as graph complexity increases. A deterministic
depth-priority disambiguation heuristic, motivated by our failure
analysis, further improves Dataset A accuracy to 99.5% (621/624,
95% CI [98.6%, 99.9%]). To assess transfer, we evaluate the pat-
tern on a second domain—microservice dependency tracing over
a 17-service DAG (100 scenarios)—where Expansion-Contraction
reaches 88% overall accuracy and 85% on NLP-complex cases (vs.
55% for the next-best baseline). Investigation caching reduces token
usage by up to 93.9%, concurrent path analysis yields up to 1.43%
speedup, and a production deployment demonstrates the pattern’s
viability for enterprise-scale agentic systems.
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1 Introduction

The compound Al systems paradigm—orchestrating multiple spe-
cialized components rather than relying on a single monolithic
model—has emerged as the dominant architecture for complex rea-
soning tasks [19]. A critical open question is how to coordinate
these components: existing frameworks offer conversational pat-
terns [16], role-based crews [12], and static state machines [9], but
principled patterns for multi-agent coordination over structured,
graph-shaped data remain scarce. Many real-world domains—supply
chains, knowledge graphs, infrastructure dependency maps, organi-
zational hierarchies—are naturally represented as directed graphs,
yet current agentic architectures either serialize the entire graph
into a single prompt (causing context-window saturation [11]) or
assign agents via hand-designed topologies that do not mirror the
underlying data.

Problem. Given a query on a directed acyclic domain graph—
“why can’t we fulfill this order?” or “which service caused this
incident?”—identify the node whose local state is the root cause
of a condition observed at a query origin, where causality prop-
agates along edges with potential temporal offsets. Single-agent
approaches must serialize the full graph into one prompt, incur-
ring “lost-in-the-middle” degradation on realistic topologies; hand-
designed multi-agent topologies require per-domain engineering
and cannot react to graph instances that change between queries.

Approach. We introduce Expansion-Contraction, a multi-
agent graph traversal pattern that operates in two phases: an expan-
sion phase walks the domain graph outward from a query origin,
dynamically spawning ephemeral specialist agents at each node;
a contraction phase aggregates their findings inward to produce
a verdict. Agent topology emerges isomorphically from the data
graph—no hand-designed wiring—and each agent operates on a
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small local context. Three graph-aware optimization techniques
(investigation caching, concurrent path analysis, recursive lead-
time propagation) exploit graph structure for efficiency (Section 4;
ablated in Section 6.5).

We instantiate the pattern for supply chain root cause analysis—a
representative graph-structured task where disruptions propagate
along directed edges with temporal lead-time offsets—and probe
transfer on microservice dependency tracing (Section 6.8).

Our contributions are: (1) the Expansion-Contraction pattern
(Sections 3-4); (2) optimization techniques achieving up to 93.9%
token savings and 1.43X speedup (Section 4); (3) evaluation across
eight supply chain datasets and six baselines, with a determinis-
tic depth-priority heuristic that lifts Dataset A accuracy to 99.5%
(Sections 5-7); (4) cross-domain validation on microservice trac-
ing (Section 6.8); and (5) a production deployment demonstrating
enterprise viability (Section 6.7).

2 Related Work

2.1 Architectural Patterns for Compound Al
Systems

The shift from monolithic models to compound Al systems—architectures
combining multiple ATl components with programmatic orchestration—

represents a fundamental change in system design [19]. DSPy [7]
introduced declarative programming for LLM pipelines, enabling
systematic optimization of prompts and module composition.

Recent multi-agent frameworks offer diverse coordination pat-
terns. AutoGen [16] provides conversational interaction patterns.
CrewAl [12] organizes role-based crews with defined workflows.
LangGraph [9] implements graph-based state machines for agent
orchestration. Guo et al. [5] synthesize these into a unified frame-
work of profile, perception, action, interaction, and evolution. A
common limitation is that agent topology is statically designed—
the number of agents and their communication graph are fixed at
design time, not derived from the problem instance.

Agent-as-graph paradigms explore treating agents as compu-
tational graphs where prompts and connectivity are optimized
[22]. Expansion-Contraction differs fundamentally: agent topology
emerges isomorphically from the domain graph itself, not from
optimization or learned selection. Each domain node spawns a spe-
cialist agent during expansion; contraction aggregates results along
the graph’s edges.

Concurrent execution in multi-agent systems presents unique
challenges; DynTaskMAS [21] introduces dynamic task graphs
for asynchronous coordination, while Wang et al. [14] propose
dual-thread architectures with interruptible execution. Our pattern
achieves parallelism through the natural structure of the domain
graph—sibling branches are investigated concurrently, with syn-
chronization at contraction boundaries.

A key limitation of single-agent approaches is context-window
saturation: when a large graph is serialized into a single prompt,
LLMs exhibit degraded reasoning over long contexts [11]. Multi-
agent decomposition avoids this by giving each agent only its local
subgraph, keeping per-agent context small and focused.
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2.2 Tool-Augmented Reasoning

ReAct [18] established the reasoning-action paradigm for tool use.
Toolformer [13] demonstrated self-supervised tool learning. Retrieval-
Augmented Generation (RAG) [10] combines parametric models
with non-parametric retrieval, enabling grounded generation from
external knowledge. Tool-augmented agents extend this paradigm
by grounding LLM reasoning in structured external data, mitigat-
ing hallucination—a critical requirement for enterprise systems
where incorrect root cause attribution has direct business impact.
Recent work on inference-time scaling explores cost/quality/latency
tradeoffs through techniques like self-reflection [2]. Our system
integrates domain-specific tools within coordinated graph traversal,
extending tool use from single-agent to multi-agent orchestration
where each agent accesses only the tools relevant to its site type.

2.3 Graph-Based Reasoning and Supply Chain
Al

GNN approaches to supply chains [3, 8] are the dominant alterna-
tive for graph-structured root cause analysis, but require labeled
training data, pre-defined schemas, and retraining when topology
changes—assumptions violated in real supply chains that evolve
with new suppliers and routes. Expansion-Contraction is zero-shot
and generalizes across eight datasets with diverse topologies (Sec-
tion 6) without retraining. Unlike agentic graph construction ap-
proaches [1] where agents iteratively build knowledge graphs, our
pattern addresses agentic graph traversal—dynamically spawning
topologies that mirror pre-existing data structures with tempo-
ral constraint propagation. For supply chain disruption detection
specifically, Zhang et al. [20] combine causal discovery with RL for
delivery risk attribution, and Heus et al. [6] use knowledge graphs
for agentic risk analysis; we combine LLM reasoning with explicit
graph traversal and temporal propagation from both structured and
unstructured sources, without pre-trained causal models.

2.4 Temporal Reasoning in LLM Agents

Temporal reasoning remains challenging for LLMs, though recent
work demonstrates learnable temporal capabilities [17]. Supply
chain causality is inherently temporal: a block at an upstream
plant on day t—§ causes a shortfall at a downstream site on day t,
where § is the cumulative lead time. Our system addresses tem-
poral reasoning through explicit lead time propagation during
graph traversal—for each upstream edge, the investigation date
is adjusted by the supplier-to-customer lead time, expressed as
dsupplier = deustomer — Aflead- This ensures constraint analysis oc-
curs at the correct temporal context for each supply chain tier
rather than relying on implicit LLM temporal understanding. We
evaluate the impact of this design choice in Section 6.5: disabling
temporal propagation reduces accuracy by 9.9 percentage points
on Dataset A and 22.0 pp on DataCo (Table 2).

3 System Architecture
3.1 Running Example

To ground the discussion for readers outside supply chain, we
refer to a concrete scenario throughout this section. Consider a tire
manufacturer whose delivery site (DS) in Miami requests tires for
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delivery on March 15. Miami is replenished by a central distribution
center (CDC) in Atlanta with a 3-day transit lead time, and Atlanta
is itself replenished by a manufacturing plant in Ohio with a 5-day
lead time. Suppose Ohio has a production block from March 1 to
March 10.

To identify the root cause, the system must: (1) trace upstream
from Miami — Atlanta — Ohio following the bill-of-distribution
edges; (2) adjust the investigation date backward by each edge’s
lead time (March 15 at Miami — March 12 at Atlanta — March 7 at
Ohio); and (3) recognise that March 7 falls inside Ohio’s production
block window, so Ohio—not Atlanta—is the root cause. A single-
agent approach must hold the entire graph plus the date arithmetic
in one prompt; Expansion-Contraction instead spawns a focused
agent per site with only the local data needed, then aggregates
verdicts along the graph. The example also illustrates why multi-
agent is warranted: plants and distribution sites require different
tools (production vs. replenishment blocks), and real chains branch—
so disambiguating which blocked path is the true cause requires
structured aggregation.

3.2 Problem Formulation

We define the Expansion-Contraction pattern over a directed acyclic
graph G = (V,E) with node attributes and edge weights. Given
a query (q,vp) originating at node vy, the pattern must identify
the node v* € V whose local state is the root cause of a condition
observed at vg, where causality propagates along edges.

We instantiate this for supply chains: vertices V represent sites
(plants, warehouses, distribution centers, delivery sites) and edges
E represent supply relationships. Each edge e = (u,v) € E carries
a lead time At(u,v) representing transit time from supplier u to
customer v. Calendar blocks B C V' X[ts, t¢] represent time-bounded
constraints at specific sites. Given a query (item, site, date), the
system must identify the root cause site v* € V whose active block
b € B prevents fulfillment at the queried site.

3.3 Overview

The system consists of three components (Figure 1): (1) an orches-
trator agent that manages interaction and coordinates investiga-
tion, (2) a graph-traversal workflow implementing the two-phase
Expansion-Contraction pattern, and (3) ephemeral specialist agents
created dynamically for node-specific analysis. Algorithm 1 in the
Appendix provides formal pseudocode.

3.4 Two-Phase Workflow Pattern

3.4.1 Expansion Phase. The expansion phase walks the supply
chain graph upstream from the demand origin site, building a com-
plete picture of potential supply paths. For each site visited, the
system:

o Retrieves direct suppliers from the Bill of Distribution (BOD)

e Calculates investigation dates accounting for lead time off-

sets
o Creates ephemeral agents to investigate each supply path
o Caches investigation results to avoid duplicate analysis

In the running example (Section 3.1), expansion visits Miami on

March 15, spawns an investigation toward Atlanta with adjusted
date March 12, and then toward Ohio with adjusted date March 7.
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3.4.2 Contraction Phase. The contraction phase aggregates find-
ings downstream. At each site v with suppliers {uy, ..., u;}, the
system classifies each upstream path as blocked (a constraint exists
on the path) or feasible (no constraints). If all paths through v are
blocked, v propagates the deepest upstream root cause. If some
paths are feasible, v is not a bottleneck. When multiple sites are
flagged as disrupted, a deterministic depth-priority rule selects the
deepest disrupted site as root cause; if two or more disrupted sites
share the same maximum depth, the orchestrator invokes the LLM
to disambiguate based on constraint severity and graph position
(Section 7.2). In the running example, contraction observes that
Ohio (depth 2) is blocked on March 7 and that Atlanta (depth 1) is
blocked only because its sole upstream source is blocked, so Ohio
is selected as the root cause. Algorithm 1 in the Appendix details
the two-phase pattern.

3.5 Ephemeral Agent Pattern

Rather than maintaining a fixed set of agents, our system dynami-
cally creates specialist agents based on site type:

¢ PlantInvestigation Agent: Analyzes production constraints
including production blocks, resource utilization, and pro-
duction lifecycle

¢ Distribution Investigation Agent: Examines replenish-
ment blocks between distribution sites

Each agent is instantiated with context-specific prompts and tools,
performs its analysis, and is discarded after returning results. This
keeps per-agent context small—avoiding the context window satu-
ration that degrades single-agent approaches on large graphs.

3.6 Tool Integration

The system integrates domain-specific tools organized into cate-
gories:

Validation tools: Site and item validation

Graph traversal tools: Supply location retrieval, location

type identification

o Constraint analysis tools: Production blocks, replenish-
ment blocks

o Data retrieval tools: Lead time offsets, incident reports

Each ephemeral agent receives only the tool subset relevant to its
site type. The complete tool inventory is listed in Appendix G.

4 Optimization Techniques
4.1 Investigation Caching

To avoid redundant analysis, we cache investigation results keyed
by (item, site, date). When multiple downstream sites share com-
mon upstream suppliers—a frequent pattern in real supply chains—
cached results eliminate duplicate LLM calls. Cache entries are
valid for a single investigation session; cross-session invalidation is
unnecessary since each query represents a point-in-time analysis.



CAIS 26, May 26-29, 2026, San Jose, CA, USA Taleb et al.

Orchestrator Agent

Coordinates investigation workfl

| — : ¥

Walk upstream from demand, spawning ephemeral agents at each site Aggregate findings downstream to identify root cause
—

/ 1991 \

\
\  PlantAgent //

=spawr

@ Production Block

Plant B

Manufacturing Manufacturing

Path A: Blocked X Path B: Feasible v

Production block found No constraints found

at Plant A for item X capacity available

blocked feasible

o -
() —— = AR - -

Investigation cDC \\ DistAgent
Cache Distribution Center /

Ve o

%

X 25+ Domain Tools

cbC

Aggregate Paths

aggregate

Repl. Blocks  BOD Lookup 2418
aTc RDC — pemand
Prod. Blocks Lead Times
Utilization Validation
Demand Origin
© Root Cause: Plant A
Production block identified as blocking constraint
Legend: &l Plant [l Distribution % Demand @ Ephemeral Agent =i Upstream = Downstream = = = => Agent Spawn 1 cache X Tools

Figure 1: Expansion-Contraction architecture. In the expansion phase (left), the system walks the supply chain graph upstream
from the Regional Distribution Center (RDC) through the Central Distribution Center (CDC) to manufacturing plants, spawning
ephemeral Al agents at each site to investigate constraints using domain-specific tools. Results are cached to avoid redundant
analysis. In the contraction phase (right), findings are aggregated downstream—each path is classified as blocked or feasible—to
identify the root cause.

4.2 Concurrent Path Analysis 5 Evaluation Methodology

The system uses asyncio.gather() to investigate sibling supply 5.1 Experiment Setup
paths concurrently. Synchronization occurs at contraction bound- « Model: Claude Sonnet 4.5 via AWS Bedrock, with tempera-
aries: a site’s contraction waits for all upstream expansions to com- ture=0 .an d a fixed ran do.m seed for repro duéibility

p l:}tle. Itfhan Elgelt. tm};ls Ou:f th.e p at? 1s;narked as inconclusive e Tools: check_block, get_suppliers (baselines) or full toolset
rather than blocking the entire investigation. (Expansion-Contraction; see Appendix G)

o Trials: Single run per test case. Temperature=0 with a fixed
seed minimizes non-determinism across API calls; residual
variance from non-deterministic API behavior is acknowl-

4.3 Lead Time Calculation edged in Limitations (Section 7.4)
Investigation dates are calculated recursively upstream, accounting

for lead time offsets between each supplier-customer pair. This
ensures constraint analysis occurs at the correct temporal context.
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Table 1: Evaluation Datasets

Dataset Source Sites Edges Cases Description

Real-world datasets

Dataset A Industry Partner - - 624  Production tire supply chain
DataCo [4] Kaggle DataCo - — 510 E-commerce supply chain
SupplyGraph [15] HuggingFace - - 18  Academic product graph
Synthetic datasets (controlled topology)

Deep-5 Generated 38 123 107 Depth 5, narrow width
Deep-7 Generated 60 214 134 Depth 7, narrow width
Deep-10 Generated 81 308 161 Depth 10, narrow width
Wide-5 Generated 75 234 176  Depth 5, wide branching
Wide-7 Generated 95 310 179  Depth 7, wide branching

Dashes indicate values withheld for anonymization.

5.2 Datasets

We evaluate on eight datasets spanning real-world and synthetic
supply chains (Table 1). The three real-world datasets (Dataset A,
DataCo, SupplyGraph) are used for primary accuracy evaluation
and serve as the basis for Tables 2-16 and the cost/latency analysis.
The five synthetic datasets (Deep-5/7/10, Wide-5/7) have controlled
topology parameters and are used specifically for the scalability
analysis in Section 6.6 (Tables 8-10); they do not appear in the real-
world accuracy comparisons because their synthetic constraint
distributions do not reflect real supply chain semantics (e.g., lead
times, incident narratives).

Each test case specifies: item, demand site, requested date, ex-
pected root cause site, and expected reason (production_block or
replenishment_block). Ground truth labels were established as fol-
lows: for structured test cases, root causes are deterministic—the
unique site with an active calendar block (a time-bounded produc-
tion or replenishment constraint stored in the supply chain dataset)
on the lead-time-adjusted date is verified programmatically; for
NLP test cases, root causes are planted by construction—each test
case is generated with a known target site, and the natural language
context field is authored to reference that site at the specified diffi-
culty level; for Dataset A, labels were validated by a domain expert
from the industry partner.

5.3 Structured vs. NLP Test Cases

We evaluate two complementary test case types:

Structured test cases have root causes detectable via calen-
dar blocks in the database—production or replenishment blocks
with explicit date ranges. Rule-based systems can identify these
through direct data lookup, testing graph traversal and temporal
propagation.

NLP test cases have root causes described only in natural lan-
guage context fields, with dates deliberately outside any calendar
blocks. This forces LLM-based systems to parse unstructured text
to identify disruptions, while rule-based systems fail entirely.

Evaluating both types separately reveals whether system perfor-
mance stems from graph traversal logic, language understanding,
or their combination—critical for understanding failure modes in
production deployment.

5.4 NLP Difficulty Levels
NLP test cases span four difficulty levels:
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e Direct: Explicit site references (e.g., “Site X has reported
critical equipment failure”)

¢ Indirect: Geographic/regional references requiring entity
resolution

¢ Domain-specific: Industry terminology and regulatory con-
text

e Multi-signal: Multiple weak signals requiring synthesis
(e.g., inventory alerts, quality flags, and weather reports that
collectively indicate a disruption)

All NLP dates fall outside calendar blocks, ensuring rule-based sys-
tems cannot identify root causes from structured data alone, isolat-
ing language understanding from graph traversal.

5.5

5.6

6
6.1

Baselines

¢ Expansion-Contraction: Two-phase multi-agent graph tra-
versal (our system), as described in Sections 3-4

¢ Single Agent: A single LLM agent iteratively calls get_suppliers
and check_block tools to walk the graph upstream, accu-
mulating all findings in a single context window before pro-
ducing a root cause verdict

o Static Topology: The full supply chain graph (all sites, edges,
and calendar block data for the queried date range) is serial-
ized into a single prompt. The LLM reasons over the complete
graph in one inference call without tool use

e No Temporal Propagation: Identical to Expansion-Contraction
but all agents investigate using the original query date ¢
rather than the lead-time-adjusted date T[u] = T[s] — &

e Flat Map-Reduce: One agent is spawned per site in the up-
stream subgraph. Each agent independently investigates its
assigned site using check_block. A reducer agent then re-
ceives all per-site verdicts and selects the root cause—without
graph structure or path information

¢ Rule-Based: Deterministic BFS upstream traversal with SQL
queries against calendar block tables. No LLM is used; the
first blocked site encountered along the deepest path is re-
turned as root cause

Metrics

Accuracy: % where predicted_root == expected_root
Latency: P50/P95 response time (ms)

Token count: Total tokens consumed

Cost: Estimated USD based on token pricing

Results

Overall Accuracy

Table 2 shows overall accuracy across all datasets with 95% Clopper-
Pearson confidence intervals.

On Dataset A, McNemar’s test (with continuity correction) con-
firms that accuracy differences between Expansion-Contraction

and

all other baselines are statistically significant: Single Agent

(p < 107'8), No Temporal Propagation (p < 107!!), Flat Map-
Reduce (p < 107'1), and Rule-Based (p < 10781). On DataCo, dif-
ferences are significant vs. Single Agent (p < 10~%), No Temporal
Propagation (p < 1072%), Flat Map-Reduce (p < 1072%), and Rule-
Based (p < 10788); no significant difference vs. Static Topology
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Table 2: Overall Accuracy (%) with 95% Confidence Intervals

Baseline Dataset A (n=624) DataCo (n=510) SG (n=18)

100.0 [99.3, 100.0]  100.0 [81.5, 100.0]

Expansion-Contraction (ours) 98.2 [96.9, 99.1]

Single Agent 83.8 [80.7, 86.6] 95.7 [93.5, 97.3] 100.0 [81.5, 100.0]
Static Topology 78.2 [74.8, 81.4] 100.0 [99.3,100.0]  100.0 [81.5, 100.0]
No Temporal Prop. 88.3 [85.5, 90.7] 78.0 [74.2, 81.6] 100.0 [81.5, 100.0]
Flat Map-Reduce 88.9 [86.2, 91.3] 77.8 [74.0, 81.4] 100.0 [81.5, 100.0]
Rule-Based 35.9 [32.1, 39.8] 21.6 [18.1, 25.4] 11.1 [1.4, 34.7)
Table 3: NLP Accuracy (%)

Baseline Dataset A (n=400) DataCo (n=400) SG (n=16)
Expansion-Contraction (ours) 100.0 100.0 100.0
Single Agent 88.0 95.3 100.0
Static Topology 100.0 100.0 100.0
No Temporal Prop. 87.2 72.2 100.0
Flat Map-Reduce 87.2 71.8 100.0
Rule-Based 0.0 0.0 0.0

Table 4: Structured Accuracy (%)

Baseline Dataset A (n=224) DataCo (n=110) SG (n=2)
Expansion-Contraction (ours) 95.1 100.0 100.0
Single Agent 76.3 97.3 100.0
Static Topology 39.3 100.0 100.0
No Temporal Prop. 90.2 99.1 100.0
Flat Map-Reduce 92.0 100.0 100.0
Rule-Based 100.0 100.0 100.0

(p = 1.0), as both achieve 100% accuracy. On SupplyGraph (n=18),
the only significant pairwise difference is Expansion-Contraction
vs. Rule-Based (p < 10™%); the small sample size limits statistical
power for other comparisons, as reflected by the wide confidence
intervals.

6.2 NLP vs Structured Accuracy

Tables 3 and 4 separate NLP accuracy (language understanding)
from structured accuracy (database queries); Appendix F visualizes
cost-accuracy by test type.

Rule-Based achieves perfect structured accuracy but fails entirely
on NLP cases, validating our test case design.

6.3 NLP Difficulty Analysis

Expansion-Contraction is the only baseline achieving 100% across
all four NLP difficulty levels on both datasets. No Temporal Propa-
gation and Flat Map-Reduce degrade sharply on Domain-specific
and Multi-signal cases (68-81% on Dataset A; 52-73% on DataCo),
where industry terminology and composite signals require graph-
guided context; Single Agent degrades more gradually (83-97%).
Per-difficulty tables and the corresponding figure appear in Appen-
dix C.

6.4 Cost and Latency

Table 5 shows cost (USD) and median latency across datasets.
Expansion-Contraction incurs higher cost and latency but achieves
substantially higher accuracy on complex data; per-request cost
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and the cost-accuracy-latency tradeoff visualization appear in Ap-
pendix E.

6.5 Ablation Studies

We isolate the impact of three architectural components: cycle
detection, concurrent path analysis, and investigation caching. We
measure token usage and latency on all five datasets using simulated
agent calls (500 tokens per step) to evaluate structural properties of
the graph traversal independent of LLM variability. Cycle detection
has no measurable impact on DataCo’s tree-like topology (max
depth 2); on deeper synthetic graphs (Deep-7, Deep-10) where sites
share upstream suppliers, the visited-set check prevents redundant
traversal of already-visited nodes.

6.5.1 Concurrent Path Analysis. Table 6 shows speedup from par-
allel sibling investigation.

Dataset A yields the highest speedup (1.43X) due to its dense
branching (2,348 edges, avg 65.7 steps per query). Wider graphs
also exploit concurrency: Wide-5 (75 sites) achieves comparable
latency to Deep-5 (38 sites) despite nearly twice the sites.

6.5.2 Investigation Caching. Table 7 shows token savings from
caching results keyed by (item, site, date).

Caching is most effective on synthetic graphs (91.7-93.9% sav-
ings) where test cases share many upstream suppliers. DataCo
achieves 78.4% savings despite a simpler topology. Dataset A shows
a lower savings percentage (25.6%) but the highest absolute reduc-
tion (1,025,000 tokens) due to its 2,348 unique edges across 581
sites—the graph’s density means many unique (item, site) pairs
must be visited before caching benefits accumulate (62.5% hit rate).

6.6 Scalability Analysis

To evaluate how baselines scale with supply chain complexity, we
constructed five synthetic datasets with controlled topology pa-
rameters: three with increasing depth (Deep-5, Deep-7, Deep-10)
and two with increasing width (Wide-5, Wide-7). Each dataset uses
the production schema with synthetically generated sites, edges,
calendar blocks, and test cases including both structured and NLP
types. We exclude No Temporal Propagation from this analysis
because the synthetic datasets lack realistic temporal semantics
(lead times, date offsets), making temporal propagation irrelevant.

6.6.1 Accuracy vs. Graph Depth. Table 8 shows accuracy as supply
chain depth increases from 5 to 10 hops.

6.6.2  Accuracy vs. Graph Width. Table 9 shows accuracy as branch-
ing factor increases.

Several patterns emerge (Figures 2 and 3). First, Expansion-
Contraction consistently achieves the highest accuracy across all
synthetic configurations, outperforming all other baselines on both
depth and width scaling. Second, Single Agent degrades catastroph-
ically on Deep-10 (0.6%) because its linear retrieval follows only
one upstream path, missing the actual root cause branch entirely.
Third, LLM-based graph-aware methods (Expansion-Contraction,
Static Topology) consistently outperform other approaches (Single
Agent, Flat Map-Reduce, Rule-Based), with the gap widening on
deeper and wider graphs.
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Table 5: Cost (USD) and Latency P50 (seconds)

Cost (USD) Latency P50 (s)
Baseline Dataset A (n=624) DataCo (n=510) SG (n=18) Dataset A DataCo SG
Expansion-Contraction (ours) $9.34 $5.93 $0.20 15.0 16.0 15.3
Single Agent $6.55 $5.36 $0.19 5.5 58 21.2
Static Topology $3.74 $3.06 $0.11 7.4 59 6.5
No Temporal Prop. $5.87 $4.66 $0.15 2.9 3.0 3.1
Flat Map-Reduce $5.87 $4.66 $0.15 2.9 30 29
Rule-Based $0.00 $0.00 $0.00 0.0 0.0 0.0

Table 6: Concurrent vs. Sequential Path Analysis

Dataset Avg Depth  Avg Steps  Speedup
DataCo 2.0 3.1 1.02x
Dataset A 3.3 65.7 1.43%
Deep-5 3.7 25.2 1.32X
Deep-7 6.2 41.6 1.16X
Wide-7 6.5 57.7 1.17X

Table 7: Investigation Caching Impact

Dataset No Cache With Cache Savings Hit Rate
DataCo 521,500 112,500 78.4% 85.7%
Dataset A 4,007,500 2,982,500 25.6% 62.5%
Deep-5 448,000 37,000 91.7% 96.7%
Deep-7 927,500 57,000 93.9% 97.6%
Wide-7 1,507,500 91,500 93.9% 97.9%
Table 8: Accuracy (%) vs. Graph Depth
Baseline Deep-5 (n=107) Deep-7 (n=134) Deep-10 (n=161)
Expansion-Contraction (ours) 65.4 81.3 85.1
Static Topology 59.8 76.1 80.8
Single Agent 26.2 72.4 0.6
Flat Map-Reduce 47.7 64.9 68.9
Rule-Based 55.1 64.9 70.2
Table 9: Accuracy (%) vs. Graph Width
Baseline Wide-5 (n=176) Wide-7 (n=179)
Expansion-Contraction (ours) 80.7 86.6
Static Topology 76.1 81.6
Single Agent 36.4 34.6
Flat Map-Reduce 67.6 73.7
Rule-Based 70.5 77.1

6.6.3 Cost and Latency Scaling. Table 10 shows how cost and la-
tency scale with graph complexity for Expansion-Contraction.

Accuracy vs. Supply Chain Depth
100

- single Agent (RAG)
80 ¥ static Topology

60

Accuracy (%)

20 //,,

20

5 7 10
Graph Depth (tiers)

Figure 2: Accuracy vs. supply chain depth. Expansion-
Contraction maintains the highest accuracy across all depths,
while Single Agent collapses at depth 10 due to single-path
retrieval.

Accuracy vs. Supply Chain Width

s Single Agent (RAG)
80 | mmm Static Topology

Accuracy (%)

Wide-5 (75 sites) Wide-7 (95 sites)

Dataset

Figure 3: Accuracy vs. supply chain width. Graph-aware
methods (Expansion-Contraction, Static Topology) outper-
form graph-unaware approaches, with the gap widening on
wider graphs.

Cost scales roughly linearly with the number of sites. Depth
increases latency more than width due to sequential path traversal,
while wider graphs benefit from concurrent path analysis (Figure 8
in Appendix D visualizes these trends).
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Table 10: Expansion-Contraction Cost and Latency Scaling

Dataset  Sites Cost (USD) Latency P50 (s)

Deep-5 38 $2.76 27.8
Deep-7 60 $7.50 62.7
Deep-10 81 $16.16 86.1
Wide-5 75 $4.40 26.4
Wide-7 95 $7.98 34.7

6.7 Production Deployment

The system has been deployed at a major tire manufacturer as the
back-end for a supply chain investigation assistant used by planners
and analysts. The back-end runs on AWS ECS Fargate behind an
Application Load Balancer; a React front-end authenticated through
Amazon Cognito interacts with the orchestrator over a streaming
HTTPS endpoint. Supply chain master data is served from Oracle
RDS, DynamoDB stores conversation state and the investigation
cache keyed by (item, site, date), and LLM calls route through AWS
Bedrock (Claude Sonnet 4.5) with temperature and seed frozen to
the values used in Section 6.

Over a three-month pilot, the deployment handled 1,847 investi-
gations across multiple business units. Median end-to-end response
time was 14.2 s, comparable to the Dataset A latency in Table 5.
The investigation cache achieved a 71% hit rate—above the bench-
mark value because a small set of high-volume items drive most
queries. Analysts reported an approximately 40% reduction in time-
to-resolution for disruption root-cause investigations relative to
legacy tooling (internal productivity survey, n = 23). No produc-
tion outages were attributable to the pattern itself, indicating that
Expansion-Contraction is practical for enterprise deployment at
the latency and cost points reported in our evaluation.

6.8 Cross-Domain Validation: Microservice
Dependency Tracing

To probe whether the pattern’s advantage extends beyond supply
chains, we evaluate Expansion-Contraction on a second domain
with different surface features (service graphs, incident reports) but
the same DAG-plus-diagnostic-signals structure. Our claim is not
that two domains establish domain-agnostic generality, but that
the advantage is not an artifact of a single dataset.

Setup. We constructed 100 incident scenarios across a 17-service
e-commerce architecture (API gateway, business-logic, and backend
infrastructure tiers; DAG 3-5 levels deep). Cases stratify across
four difficulty levels: Easy (25%) names the failing service; Medium
(30%) requires interpreting symptoms; Hard (25%) demands multi-
hop inference from indirect references; NLP (20%) uses ambiguous
natural language. To test cause-vs-effect reasoning, 40% of cases
include distractor failures at services deeper than the true root
cause. All seven baselines use Claude Sonnet 4.5 under the same
configuration as Section 6.

Results. Table 11 reports accuracy by difficulty level. Expansion-
Contraction achieves 88% overall accuracy—the highest of any
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Table 11: Microservice dependency tracing accuracy (%), n =
100 scenarios on a 17-service DAG.

Baseline Overall Easy Medium Hard NLP
Expansion-Contraction (ours) 88 88 83 96 85
Flat Map-Reduce 83 88 920 92 55
Static Topology 74 64 70 96 65
No Temporal Prop. 73 76 77 72 65
Rule-Based 52 48 57 40 65
Heartbeat 33 48 33 32 15
Single Agent 10 4 7 20 10

baseline—and its advantage is most pronounced on NLP-complex
cases, where it reaches 85% versus 55% for the next-best baseline
(Flat Map-Reduce). The ordering among baselines mirrors the sup-
ply chain results: single-path approaches (Single Agent, Heartbeat)
fail catastrophically in both domains because they cannot branch;
graph-aware methods dominate when the graph is non-trivial. NLP
cases specifically require the combination of systematic traversal
(which Flat Map-Reduce provides but without structural aggre-
gation) and contextual reasoning over local incident text (which
Static Topology supports but without focused context); Expansion-
Contraction uniquely provides both.

These results support the generality claim to a limited but con-
crete extent: the pattern transfers from supply chain root-cause
analysis to microservice incident triage. We do not claim domain-
agnostic applicability from two domains—only that the advantage
is not specific to supply chains and that the pattern is well suited to
any setting with DAG-structured dependencies and unstructured
diagnostic signals.

6.9 Reproducibility and Artifact

Source code, agent configurations, evaluation harnesses, and all
eight datasets (with ground-truth labels; Dataset A NLP contexts are
synthetic and contain no proprietary information) are packaged as a
single reproducibility artifact targeting the ACM Artifacts Available
and Evaluated—Functional badges. Scripts reproduce every table and
figure; LLM configuration is frozen (model version, temperature=0,
seed) to minimize non-determinism. The artifact will be archived
upon acceptance and is available as supplementary material during
review.

7 Discussion
7.1 Tradeoffs and Scalability

Expansion-Contraction achieves the highest overall accuracy on
complex Dataset A (98.2%), outperforming Single Agent by 14.4 pp;
the gap narrows on simpler datasets (100.0% vs 95.7% on DataCo).
The NLP split is decisive: Rule-Based reaches 100% structured but
0% NLP accuracy, so any rules-only production system will miss
disruptions communicated through equipment failure reports or
regulatory notices—EC reaches 100% NLP on Dataset A vs 88.0% for
Single Agent. EC incurs higher cost ($9.34 vs $3.74 for Static Topol-
ogy) and latency (15-16 s vs 5-6 s) due to multi-agent orchestration;
the 20 pp accuracy improvement justifies this where incorrect at-
tribution has direct business impact, and caching + concurrency
(Tables 7, 6) recover 25.6-93.9% tokens and up to 1.43% latency. On
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Table 12: Effect of the depth-priority disambiguation heuris-
tic on Dataset A (n = 624).

Configuration 95% CI

EC (LLM-only disambiguation)
EC + depth-priority heuristic

Correct Accuracy

613/624 98.24% [96.9, 99.1]
621/624 99.52% [98.6, 99.9]

synthetic benchmarks, EC maintains the highest accuracy across
all configurations while Single Agent collapses on Deep-10 (0.6%)
because linear retrieval misses branching paths; the gap over graph-
unaware methods widens with complexity, and cost/latency scale
roughly linearly with the number of sites.

7.2 Failure Analysis and Depth-Priority
Heuristic

All 11 EC errors in the baseline configuration occur on Dataset A
structured tests (95.1% structured accuracy); NLP accuracy is 100%
and DataCo/SupplyGraph have zero failures. Expansion and con-
traction complete correctly in every case—all upstream nodes are
visited and block status is aggregated. Errors arise only when mul-
tiple sites are flagged as disrupted and the orchestrator must disam-
biguate: in 8/11 cases the LLM selects an intermediate distribution
node over the deeper manufacturing plant, in 3/11 it follows the
wrong branch (Table 14 and Figure 6 in the Appendix detail all 11
cases). The structural pattern behind the CDC — PLANT errors
is clear: a blocked plant at depth d causes its downstream CDC
at depth d—1 to also surface as blocked, so both are candidates
after contraction. We therefore replace LLM-only disambiguation
with a deterministic rule: select the site with the strictly largest
supply_chain_depth; on ties, fall through to the LLM. Table 12
reports the effect: the heuristic resolves all 8 CDC — PLANT errors
and lifts accuracy from 98.24% to 99.52% (621/624, CI [98.6, 99.9]).
The 3 remaining PLANT — PLANT wrong-branch cases share the
same depth, and the heuristic correctly defers. All previously correct
cases remain correct; we adopt this as the default disambiguation
strategy.

7.3 Generalizable Design Principles

The pattern embodies four design principles applicable to com-
pound Al systems over any graph-structured domain: (1) isomorphic
agent topology—agent topology mirrors the data graph rather than
being hand-designed [22] or learned, eliminating a design choice
and guaranteeing coverage matches the domain; (2) ephemeral,
context-bounded agents—each agent receives only the local sub-
graph context, avoiding the “lost-in-the-middle” degradation [11] of
monolithic prompts and keeping accuracy insensitive to total graph
size (Section 6.6); (3) structure-aware parallelism—concurrency is
derived from sibling branches with synchronization at contraction
boundaries, yielding speedup proportional to branching factor with-
out an external scheduler; (4) cache-friendly decomposition—agents
operate on (node, query) pairs so investigation caching is naturally
keyed and achieves high hit rates when downstream queries share
upstream subgraphs (Table 7). These principles suggest the pattern
generalizes to other graph-traversal reasoning tasks—e.g., depen-
dency analysis in software builds, causal tracing in microservice
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architectures (validated in Section 6.8), or compliance checking in
organizational hierarchies.

7.3.1 Relaxing the Structural Assumptions. The pattern as pre-
sented assumes a DAG, tool-returning structured outputs, and lo-
cally verifiable constraints. Cyclic graphs: the existing visited-set
check (ablated in Section 6.5) breaks cycles at first revisit, so tra-
versal remains correct over the reachable subgraph; on truly cyclic
domains, traversal order may affect which node is identified as root
cause and the depth-priority heuristic loses meaning. Free-text tool
outputs: tools need not return JSON—our NLP test cases already
demonstrate that ephemeral agents extract disruption signals from
free text with 100% accuracy; structured tools could be replaced
with prose-returning tools, with contraction relying on LLM sum-
marization. Non-locally-verifiable constraints: when a node’s status
depends on sibling or parent state (e.g., relative capacity), agents
need wider context, achievable by interleaving partial contraction
back into expansion; we have not tested this variant.

7.4 Limitations

The system detects a limited set of constraint types (production and
replenishment blocks); richer failure modes (capacity shortfalls, lane
disruptions) require additional tools but not changes to the pattern.
SupplyGraph’s small size (18 cases) limits statistical power. After
the depth-priority heuristic, 3/624 Dataset A errors remain—all
PLANT — PLANT wrong-branch cases at equal depth—depending
on LLM reasoning we have not yet improved. Evaluation uses
temperature=0 with a fixed seed; single-run results may not fully
capture residual API non-determinism. We do not compare against
GNN-based approaches (e.g., [3, 8]) because they require labelled
training data and fixed schemas, making head-to-head comparison
non-trivial with our zero-shot system. Cross-domain evidence spans
two domains; broader generality remains to be demonstrated.

8 Conclusion

We introduced Expansion-Contraction, a multi-agent graph traver-
sal pattern in which agent topology emerges isomorphically from
the domain graph, ephemeral specialist agents operate on bounded
local context, and recursive contraction aggregates findings into
a global verdict. Instantiated for supply chain root cause analysis,
the pattern reaches 98.2% accuracy on 624 real-world test cases—
99.5% with a deterministic depth-priority heuristic—and 100% on
public benchmarks. On microservice dependency tracing, it reaches
88% overall and 85% on NLP-complex cases (vs. 55% next-best),
indicating the advantage is not specific to supply chains. Broader
cross-domain generalization and learned contraction policies for
equal-depth disambiguation are the natural next steps.
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Al

gorithm 1 Expansion-Contraction Root Cause Analysis

Require: item i, demand site d, requested date ¢
Ensure: root cause site and block type

1
2
3

4

5
6
7:
8
9

10:
11:
12:
13:
14:
15:
16:
17:
18:
19:
20:
21:

Phase 1: Expansion (BFS Upstream Traversal)

: Q «— {d} > Sites to visit
V0 > Visited sites
:T[d] « ¢ > Investigation dates
R0 > Path results
: while Q # 0 do
s < Q.pop()
Ve« VU{s}
suppliers < GETSUPPLIERS(S, i)
if suppliers = 0 and IsPLANT(s) then
R[s] < INVESTIGATEPLANT(i, s, T[s]) > LLM agent
else
for all u € suppliers in parallel do
6 « GETLEADTIME(y, s, i)
Tlu] < T[s] -6
R[(u,s)] « INVESTIGATEPATH(i, u, s, T[u])
if u ¢ V then
Q.push(u)
end if
end for
end if
end while

Phase 2: Contraction (Recursive Aggregation)

22: function AGGREGATE(site s)

23: feasible «— []

24: for all supplier u of s do

25: if u is production source then

26: if —R[u].blocked then feasible.append([s])
27: end if

28: else

29: upstream < AGGREGATE(u)

30: if =R[(u, s)].blocked then

31 for all path € upstream.feasible do
32: feasible.append(path + [s])

33: end for

34: end if

35: end if

36: end for

37: return (feasible, per-site results)

38: end function

39: (paths, results) < AGGREGATE(d)

40: return IDENTIFYROOTCAUSE(paths, results)

A Algorithm

B Evaluation Test Cases

B.1 Test Case Format

Each test case specifies: article number, demand site, requested

delivery date, expected root cause site, expected reason type (pro-
duction_block or replenishment_block), test type (structured or
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Table 13: Investigation Trace — Replenishment Block at
CDC_Caribbean

Depth  Site Type Phase Action Result

2 PLANT_MAIN Plant Expand Investigate No block
1 CDC_Caribbean CDC Contract Aggregate 0 feasible, 1 blocked
0 DS_Santo Domingo DS Contract Aggregate 0 feasible, 1 blocked

NLP), and for NLP cases, a difficulty level and natural language
context field. Representative examples:

o Structured: Item PRODUCT_A requested at DS_Santo Domingo
on 2015-05-01. Expected root cause: replenishment block at
CDC_Caribbean.

o NLP (Direct): “Site X has reported critical equipment failure
affecting all production lines.” The agent must parse this
context to identify the blocked site.

e NLP (Multi-signal): Inventory alerts, quality flags, and
weather reports that collectively indicate a disruption at
a specific plant. No single sentence names the root cause.

B.2 Sample Investigation Trace

Table 13 shows an Expansion-Contraction trace for a DataCo re-
plenishment block test case. The system walks upstream from the
demand site (depth 0) to the plant (depth 2), then contracts down-
stream aggregating blocked/feasible verdicts.

The system correctly identifies CDC_Caribbean as the root cause:
the plant has no production block, but the CDC has a replen-
ishment block preventing downstream fulfillment. Investigation
caching ensures that parallel requests for the same CDC (e.g., from
DS_Camagiiey and DS_Las Tunas) reuse the cached result. Figure 4
visualizes this trace.

Figure 5 shows a branching example where the demand site’s
CDC has two upstream plants—one blocked, one feasible.

Figure 6 illustrates a failure mode from Dataset A where the
orchestrator misattributes the root cause.

B.3 Failure Analysis

All 11 Expansion-Contraction errors on Dataset A occur on struc-
tured test cases (95.1% structured accuracy); all 400 NLP cases and
all DataCo/SupplyGraph cases are correct. Table 14 lists the failures.

Site IDs are anonymized: P-n denotes manufacturing plants, D-n
denotes intermediate distribution nodes. Two failure modes emerge:
(1) 8 of 11 failures report an intermediate distribution node (D-n)
as root cause instead of the deeper manufacturing plant (P-n). Both
expansion and contraction complete correctly—all nodes are visited
and block status is aggregated. When contraction produces multi-
ple disrupted sites (e.g., both D-3 and P-5 are flagged as blocked),
the orchestrator invokes the LLM to select the root cause among
them; in these cases, the LLM incorrectly selects the intermediate
node over the deeper plant. (2) The remaining 3 follow the wrong
branch to a different manufacturing plant. NLP interpretation is
never the failure mode—all errors are LLM disambiguation mistakes
when multiple disrupted sites compete for root cause attribution.
A simple depth-priority heuristic—always preferring the deepest
blocked node—would resolve 8 of 11 errors; we leave this as future
work to preserve the system’s fully LLM-driven disambiguation and
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no block
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Demand

Figure 4: Successful linear trace (DataCo). Expansion visits
upstream from DS_Santo Domingo to PLANT_MAIN; contrac-
tion aggregates the replenishment block at CDC_Caribbean
as the root cause.

Table 14: Expansion-Contraction Failures on Dataset A
(11/624)

Test ID Predicted Root Expected Root

T-1 D-1 P-1
T-2 P-6 p-2
T-3 p-2 P-1
T-4 P-6 P-3
T-5 D-2 P-4
T-6 D-3 P-1
T-7 D-4 P-5
T-8 D-5 P-5
T-9 D-3 P-5
T-10 D-6 P-5
T-11 D-5 P-5

evaluate whether such heuristics generalize across supply chain
topologies.
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Figure 5: Branching trace with two supply paths. Expansion :
investigates both plants concurrently. Plant B has a produc- i
tion block, making CDC East blocked. Contraction identifies !
Plant B as the root cause. !
v
C NLP Accuracy by Difficulty e -
Tables 15 and 16 break down NLP accuracy by difficulty level
per dataset; Figure 7 visualizes the same data across baselines.
Expansion-Contraction is the only baseline achieving 100% across Figure 6: Failure mode: LLM disambiguation error. Both
all four levels on both datasets. phases complete correctly—expansion visits all nodes (check-

marks) and contraction aggregates block status. Both D-3
and P-5 are flagged as disrupted; the orchestrator invokes

Table 15: NLP Accuracy (%) by Difficulty — Dataset A (n=400) the LLM to disambiguate, which incorrectly selects D-3 (or-
ange) over the deeper plant P-5. This accounts for 8 of 11
Baseline Direct Indirect Domain Multi errors on Dataset A.
Expansion-Contraction  100.0 100.0 100.0 100.0
No Temporal Prop. 100.0 100.0 81.0 68.0 )
Flat Map-Reduce 100.0 100.0 81.0 68.0 Table 16: NLP Accuracy (%) by Difficulty — DataCo (n=400)
Single Agent 87.0 90.0 92.0  83.0
Rule-Based 0.0 0.0 0.0 0.0 Baseline Direct Indirect Domain Multi
Expansion-Contraction  100.0 100.0 100.0 100.0
Single Agent 94.0 97.0 96.0  94.0
Flat Map-Reduce 52.0 100.0 73.0 62.0
D Scalability Cost and Latency Visualization No Temporal Prop. 4.0 100.0 730620
Rule-Based 0.0 0.0 0.0 0.0

Figure 8 visualizes the cost and latency scaling data from Table 10:
depth drives cost and latency more than width due to sequential
path traversal, while concurrent path analysis keeps wider graphs
tractable.
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NLP Accuracy by Difficulty Level

— that language understanding—not graph traversal—is the binding
o constraint for real-world deployment. Expansion-Contraction is
® = et the only baseline that achieves near-perfect accuracy on both test

types across all datasets.

Accuracy (%)

‘ G Agent Tool Inventory

Table 18 lists the complete set of domain-specific tools available
e osed to each agent type. Each ephemeral agent receives only the tool
subset relevant to its site type, keeping per-agent context small and
focused. All tools return JSON and use DD-MM-YYYY date format.

The orchestrator agent coordinates the investigation but never di-
rectly inspects supply chain constraints. Plant Investigation agents
receive 3 tools for detecting production blocks and interpreting
incident reports. Distribution Investigation agents receive 3 tools fo-
cused on replenishment blocks and incident reports. The core graph
traversal tools (get_location_type, get_supply_locations,get_lead_time_o
are invoked programmatically by the expansion engine rather than
0.08 1 exposed to LLM agents, ensuring deterministic graph traversal
[0 while delegating constraint interpretation to LLM reasoning.

Single Agent static lo Temporal Flat
RAG Topology Prop. Map-Reduce
Baseline

Expansion-
Contraction

Figure 7: NLP accuracy by difficulty level. Expansion-
Contraction achieves 100% across all levels; other baselines
degrade on harder cases.

Expansion-Contraction: Cost & Latency Scaling
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Figure 8: Expansion-Contraction cost and latency scaling.
Depth drives cost and latency more than width due to se-
quential path traversal.

E Per-Request Cost and Cost-Accuracy Tradeoff

Table 17 shows the per-request cost in USD for each baseline across
all three real-world datasets. Expansion-Contraction costs $0.011—
0.015 per request, comparable to Single Agent ($0.011) and roughly
2x Static Topology ($0.006). Figure 9 visualizes the cost-accuracy-
latency tradeoff by dataset.

Table 17: Per-Request Cost (USD)

Baseline Dataset A DataCo SG
Expansion-Contraction (ours) 0.0150  0.0116 0.0110
Single Agent 0.0105 0.0105 0.0105
Static Topology 0.0060  0.0060 0.0060
No Temporal Prop. 0.0094  0.0091 0.0082
Flat Map-Reduce 0.0094  0.0091 0.0082
Rule-Based 0.0000 0.0000 0.0000

F Cost-Accuracy by Test Type

Figure 10 visualizes the cost-accuracy tradeoff separated by struc-
tured and NLP test types. Rule-Based achieves perfect structured
accuracy at zero cost but scores 0% on all NLP cases, confirming
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Figure 9: Cost-accuracy-latency tradeoff by dataset. Bubble size indicates latency (larger = slower). Expansion-Contraction
achieves highest accuracy on complex data (Dataset A) despite higher cost and latency.
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Figure 10: Cost-accuracy tradeoff by test type. Rule-Based achieves 100% on structured cases at zero cost but fails entirely (0%)
on NLP cases. Expansion-Contraction excels on both.



Expansion-Contraction: A Multi-Agent Graph Traversal Pattern for Compound Al Systems

CAIS ’26, May 26-29, 2026, San Jose, CA, USA

Table 18: Complete tool inventory organized by agent type. Each tool is a structured function call returning JSON.

Agent Type Tool Name Category Description
check_if_site_is_valid Validation Validate whether a site exists in the supply chain network
check_if_item_is_valid_for_site Validation Validate whether an article is valid for a given site
Orchestrator investigate_supply_chain_issue  Orchestration Trigger the Expansion-Contraction workflow for a (item, site, date) tuple
current_time Utility Retrieve current timestamp for temporal reasoning
calculator Utility Perform arithmetic calculations (e.g., date offsets)
speak Utility Format and return investigation results to the user
Plant check_prod_blocks Constraint analysis  Check for production blocks (downtime windows) at a plant
Investigation is_date_in_between Utility Check if investigation date falls within a date range (inclusive)
get_incident_reports Data retrieval Retrieve natural-language incident reports for a plant (NLP cases)
Distribution get_replenishment_blocks Constraint analysis ~ Get replenishment blocks between source and destination sites
Investigation is_date_in_between Utility Check if investigation date falls within a block window
get_incident_reports Data retrieval Retrieve natural-language incident reports for a site (NLP cases)
Core get_location_type Graph traversal Determine site type (Plant, CDC, RDC, DS, Offtake)
(internal) get_supply_locations Graph traversal Retrieve upstream suppliers for a site-item pair

get_lead_time_offset

Data retrieval

Get lead time offset in calendar days between two sites
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