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Abstract

Large Language Model-based multi-agent systems (LaMAS)
show promise for solving complex problems, yet lack sys-
tematic mechanisms for responsible integration of established
domain knowledge—a critical gap that risks producing tech-
nically sophisticated but contextually inappropriate solutions.
To address this fundamental challenge, we present SAGE
(Specialized Agent Group for Expert-grounded recommen-
dations), a novel multi-agent framework that addresses this
challenge through five specialized agents coordinating via
asynchronous protocol to integrate domain theories, Al meth-
ods, and data sources. Our architecture implements three key
innovations: (1) theoretical grounding mechanisms that pri-
oritize established domain wisdom over algorithmic capa-
bilities, (2) coordinated specialization where agents handle
distinct reasoning tasks—scenario analysis, theory retrieval,
algorithm matching, data selection, and validation—rather
than monolithic processing, and (3) robustness validation
through Monte Carlo simulation (N = 1000 runs) with
human-in-the-loop oversight ensuring & > 0.85 stability
across perturbed scenarios. We validate SAGE’s effective-
ness in urban planning and safety, a complex domain re-
quiring integration of social, environmental, and spatial the-
ories. Empirical analysis of 1,123 Al applications reveals
that only 1.16% demonstrate explicit theoretical integration,
with 47.3% following technology-driven rather than problem-
driven approaches. Through three representative case studies,
we demonstrate how SAGE transforms narrow technical solu-
tions into comprehensive, theory-grounded interventions that
generate value beyond algorithmic performance metrics. Our
framework establishes generalizable design principles for re-
sponsible agentic systems—agent specialization strategies,
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coordination protocols for knowledge integration, and vali-
dation mechanisms—with demonstrated potential for adapta-
tion to other knowledge-intensive domains requiring system-
atic integration of theoretical frameworks with computational
approaches.

Introduction

LLM-based multi-agent systems (LaMAS) demonstrate
promising capabilities for complex problem-solving (Qian
et al. 2023; Wang et al. 2024a), yet face critical challenges
in responsible knowledge integration across domains re-
quiring established theoretical grounding. While individual
LLM agents excel at specialized tasks, coordinating multi-
ple agents to systematically integrate domain theories, com-
putational methods, and data sources for policy-critical de-
cisions remains an open challenge (Tian et al. 2025; Bo
et al. 2024). This limitation manifests acutely in knowledge-
intensive domains—urban planning, healthcare policy, envi-
ronmental management—where decisions must balance al-
gorithmic capabilities with validated scientific frameworks
to ensure responsible, trustworthy outcomes (Batty 2018;
Cugurullo 2023). Figure 1 provides an overview of the cur-
rent challenges and our proposed solution.

Existing LaMAS approaches face three fundamen-
tal limitations that prevent responsible deployment in
knowledge-intensive domains (Figure 1, left panel). First,
most systems employ general-purpose coordination proto-
cols without domain-specific knowledge integration mech-
anisms (Ding et al. 2024). Agents communicate through
generic message passing rather than structured knowledge
synthesis, limiting their ability to ground recommendations
in established theoretical frameworks—a critical gap evi-
denced by our analysis showing only 1.16% of Al applica-
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Figure 1: Three-way comparison of approaches to
knowledge-intensive Al applications. Left panel illus-
trates the current problem with existing Al systems. Right
panel shows the traditional expert-driven workflow. Bottom
panel presents SAGE’s coordinated multi-agent approach.

tions explicitly integrate domain theories while 47.3% fol-
low technology-driven approaches. Second, current multi-
agent architectures lack systematic validation protocols for
policy-critical contexts (Kim et al. 2018). While agents may
achieve technical coordination, they cannot provide explicit
reasoning traces grounded in validated literature, creating
fundamental trust deficits for deployment in urban planning
and policy domains. Third, scalability challenges emerge
as coordination complexity grows exponentially with both
agent number and knowledge base size, creating computa-
tional bottlenecks that prevent real-world deployment. Un-
like traditional expert-driven approaches that ensure scien-
tific rigor but cannot scale (Figure 1, right panel), or direct
LLM applications that scale but lack domain grounding, cur-
rent LaMAS implementations fail to bridge the efficiency-
validity gap essential for responsible knowledge-intensive
applications.

These exacerbate the Multi-Agent Responsibility Gap:
despite LaMAS potential for sophisticated reasoning, sys-
tematic mechanisms for responsible domain knowledge in-
tegration remain absent. Our analysis across knowledge-
intensive applications reveals concerning patterns: only
1.16% of Al applications explicitly integrate established do-
main theories, while 47.3% pursue technology-driven versus
8.6% problem-driven approaches (Cook et al. 2024). Cross-
disciplinary expertise remains critically scarce—merely
11.7% of research teams span both Al and domain knowl-
edge—creating environments where algorithmic capabili-
ties dominate problem framing at the expense of theoreti-
cal grounding (Cugurullo et al. 2024). Technology-push ori-
entation intensifies as adoption cycles collapse: algorithms
like CLIP and GPT-3 achieve same-year development-to-
application transfer, prioritizing novelty over appropriate-
ness and creating systematic methodological misalignment.
This pattern generates technically sophisticated but theoreti-
cally impoverished systems, limiting both trust and adoption
in policy-critical contexts.

We present SAGE (Systematic Al Guidance Engine), a
specialized multi-agent framework resolving the Responsi-
bility Gap through theory-informed coordination protocols
(Figure 1, bottom panel). SAGE employs five specialized
agents coordinating via asynchronous architecture, each ad-
dressing distinct knowledge integration challenges: Agent
1 (Scenario Analysis) structures unstructured challenges
across seven dimensions with complexity assessment deter-
mining coordination strategies. Agent 2 (Theory Retrieval)
employs BERT-based semantic matching against domain
knowledge bases containing extracted computational prin-
ciples. Agent 3 (Algorithm Matching) maps theoretical re-
quirements to computational capabilities through pointwise
mutual information and expert assessment. Agent 4 (Data
Source Selection) evaluates sources across quality dimen-
sions with accessibility prioritization. Agent 5 (Integration
Validation) employs Monte Carlo simulation (N = 1000
runs) ensuring robustness B > 0.85 before human expert
review. This architecture provides explainable recommenda-
tions through grounded retrieval rather than unconstrained
generation, with coordination protocols enabling transpar-
ent decision-making while maintaining scalability across
knowledge-intensive domains.

Our main contributions are fourfold:

(1) Responsible Multi-Agent Architecture with Coordi-
nated Specialization. We design SAGE’s five-agent sys-
tem with asynchronous coordination protocols, feedback
propagation mechanisms, and conflict resolution strategies,
achieving robustness scores exceeding 0.85 while provid-
ing explicit reasoning traces grounded in validated literature.
This addresses critical LaMAS challenges: responsible be-
havior, transparent decision-making, and hallucination pre-
vention through structured knowledge integration.

(2) Scalable Coordination Protocols for Knowledge In-
tegration. We develop systematic mechanisms for multi-
agent collaboration in knowledge-intensive contexts: se-
quential activation with blocking semantics, backward feed-
back propagation for constraint violations, and consensus
building protocols for conflicting requirements. Our ap-
proach achieves 60-90 second total processing latency while
maintaining coordination across heterogeneous knowledge
sources.

(3) Generalizable Design Principles for Trustworthy
Agentic Systems. We establish transferable frameworks
for agent specialization strategies, validation mechanisms
for policy-critical contexts, and human-in-the-loop over-
sight protocols applicable across domains requiring scien-
tific grounding—healthcare, environmental policy, educa-
tion—with transparent, explainable Al guidance.

(4) Empirical Validation Through Complex Domain
Application. Using urban planning as a representative
knowledge-intensive domain, we analyze 1,123 Al ap-
plications establishing measurable baselines for theory-
practice disconnect, then validate SAGE across three di-
verse case studies demonstrating consistent transformation
of technology-first approaches into theory-grounded inter-
ventions, providing concrete evidence for responsible multi-
agent system deployment.



SAGE System Architecture
Design Principles and Overview

SAGE employs five specialized agents coordinated via asyn-
chronous protocol (Figure 2), each implementing distinct
reasoning capabilities (Tian et al. 2025; Bo et al. 2024).
We adopt specialized architecture over monolithic models
for three reasons: (i) knowledge modularity—domain the-
ories, algorithms, and data sources require distinct repre-
sentation spaces with different granularities; (ii) reason-
ing diversity—scenario analysis requires abstractive ca-
pabilities while algorithm matching needs precise re-
trieval (Karpukhin et al. 2020); (iii) explainability—agent-
specific outputs enable traceable reasoning chains grounded
in validated knowledge rather than opaque end-to-end gen-
eration (Kim et al. 2018).

Our coordination protocol implements three key mecha-
nisms (detailed in §4.3): (i) sequential activation—Agent
1 triggers Agent ¢ + 1 upon completion, preventing con-
flicting updates (Ding et al. 2024); (ii) feedback propaga-
tion—validation failures trigger backward messages with
constraint specifications; (iii) consensus building—multi-
theory scenarios require negotiation protocols for conflicting
requirements.

Five-Agent Pipeline

Agent 1: Scenario Analyzer (Figure 2a). Transforms un-
structured input scenario S into structured representation
S = (F,&) where F captures seven dimensions (domain,
objectives, constraints, stakeholders, temporal/spatial scope,
data characteristics) and complexity score £(.S) is computed
as:

7
&(S) = Zwi -¢;(S), wherec;(S)€1[0,1] (1)

Weights w = [0.20,0.18,0.15,0.15,0.12,0.12, 0.08] cali-
brated via Delphi method (12 experts, 3 rounds, Kendall’s
W = 0.82). Complexity threshold £ > 0.7 triggers multi-
method recommendations; £ < 0.5 indicates single-method
sufficiency. Normalization functions ¢; include: domain
count min(ng/5, 1) where ng is the number of domains, ob-
jective multiplicity min(n,/4,1) where n, is the number
of objectives, stakeholder diversity Shannon entropy/ In(6),
temporal scope min(7},/10,1) where T, is the time span
in years, spatial scale (categorical: block=0.2, city=0.6, re-
gion=1.0), data heterogeneity min(n;/6, 1) where n; is the
number of data types.

Agent 2: Theory Retriever (Figure 2b). Employs fine-
tuned BERT for semantic matching against knowledge base
containing 46 theories with 127 extracted computational
principles (Li et al. 2020). Theory-scenario similarity be-
tween theory T; and scenario .S is computed via cosine dis-
tance in embedding space:

o(T;,S) = cos (er,,es), wheree € R  (2)

where embeddings er, and eg are extracted from BERT’s
[CLS] token (Karpukhin et al. 2020). Theories with ¢ >
0.70 considered relevant; o > 0.85 indicates strong align-
ment. For complex scenarios (§ > 0.7), synergy analysis
identifies complementary theory combinations via hierarchi-
cal clustering on embedding space (cosine similarity, link-
age threshold=0.75). Inter-cluster theories with low conflict
scores satisfy:

conflict(T;,T;) < 0.3, computed from co-occurrence statistics

3)

Agent 3: Algorithm Matcher (Figure 2¢). Formulates

algorithm selection as constrained optimization over can-

didate algorithm set .4 and theoretical requirements R =

{r1,72,...,rn} extracted from selected theories. The opti-
mal algorithm A* € A is determined by:

A* = arg max {; w; - cap(A,r;) — A~ cost(A)} 4)

where n is the number of theoretical requirements, w; are re-
quirement importance weights, cap(A, r;) measures the ca-
pability of algorithm A to fulfill requirement r;, A = 0.15 is
the cost trade-off parameter, and cost(A) represents compu-
tational cost, subject to:

n

> wi=1, w; >0, cap(A,r;) > 0.70 for critical r;

i=1
&)
Capability function combines three components:

cap(A,r) =0.5 - PMIyom (A, 7) + 0.3 - Expert(A4, r) 6

+ 0.2 - Consist(A,r) ©
where PMIom(A,7) is the normalized pointwise mu-
tual information computed from algorithm-requirement co-
occurrence in literature corpus (normalized to [0, 1] via min-
max scaling), Expert(A,r) represents expert assessment
scores collected from 8 domain specialists (ICC=0.84, 7-
point Likert scales), and Consist(A, ) € {0, 1} verifies log-
ical compatibility (e.g., CNNs incompatible with non-visual
data requirements). Cost parameter A = 0.15 balances com-
putational time (60%) and memory requirements (40%), cal-
ibrated via sensitivity analysis across 50 benchmark scenar-
ios.

Agent 4: Data Source Selector (Figure 2d). Evaluates
candidate data source D via multiplicative quality aggrega-
tion enforcing strict requirements:

6
Q(D) = H [q;(D)]" (7

where ¢;(D) € [0, 1] is the quality score for dimension j,
and quality dimension weights are: relevance (w; = 0.25),
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Figure 2: SAGE Multi-Agent System Architecture. Five specialized agents coordinate through directed information flow: (a)
Scenario Analyzer transforms unstructured challenges into structured representations; (b) Theory Retriever employs BERT-
based semantic matching against knowledge base; (c¢) Algorithm Matcher maps theoretical requirements to computational
capabilities; (d) Data Source Selector evaluates sources across six quality dimensions; (e) Integration Validator ensures robust-
ness via Monte Carlo simulation. Arrows indicate asynchronous flow; dashed lines represent feedback propagation.

completeness (wo = 0.20), temporal coverage (w3 = 0.18),
accessibility (wy = 0.15), reliability (w5 = 0.12), algorithm
compatibility (wg = 0.10). Multiplicative form ensures no
single weakness dominates—any dimension scoring < 0.5
results in Q(D) < 0.5, triggering rejection. Accessibility
dimension explicitly evaluates data availability: 1.0 for pub-
licly accessible datasets (government open data, satellite im-
agery), 0.5-0.8 for institutional partnerships requiring for-
mal agreements, < 0.5 for restricted sources. System prior-
itizes sources with documented precedent in literature anal-
ysis, avoiding hypothetical data recommendations.

Agent 5: Integration Validator (Figure 2e). Implements
two-stage validation combining Monte Carlo robustness
testing (Hgjmark et al. 2024; Feng, Zhang, and Liu 2024)
and human expert review. Robustness score:

1

R = i kz_lﬂ‘ [perf(Sk) > 7] )
where N = 1000 is the number of Monte Carlo iterations,
S denotes the perturbed scenario in iteration k, perfor-
mance threshold 7 = 0.70, and approval threshold R, =
0.85. Each iteration perturbs 2-3 randomly selected scenario
dimensions by +0.15 (representing 90th percentile of his-
torical variations). Performance function for scenario S is
defined as:

perf(S) =0.40 - o(T, S) + 0.30 - min {cap(A4), Q(D)}
+ 0.30 - Expert(S)
©))

where o (T, S) is the theory-scenario alignment score from

Agent 2, cap(A) = %Z?ﬂ cap(A,r;) is the average al-
gorithm capability across all requirements, Q(D) is the
data quality score from Agent 4, and Expert(.S) represents
the human expert evaluation score for the integrated solu-
tion. Minimum operator captures worst-case technical fea-
sibility constraints—weak algorithm capability or poor data
quality bottlenecks overall solution quality. Solutions with
R < Ry, trigger feedback loops for iterative refinement
(detailed in §4.3). Human expert review conducted for crit-
ical cases identified through uncertainty sampling: scenar-
ios with high complexity (¢ > 0.8), low theory consensus
(max; o(T;,S) < 0.75), or conflicting algorithm require-
ments.

Coordination Protocol and Conflict Resolution

The asynchronous coordination protocol (Figure 2) orches-
trates information flow across agents through three key
mechanisms (Bo et al. 2024; Tian et al. 2025):

Sequential Activation. Agents operate asynchronously
with blocking semantics: Agent ¢ awaits completion signal
from Agent ¢+ — 1 before activation, preventing race con-
ditions and ensuring information dependencies (Ding et al.
2024). Activation latency ¢; comprises:

5
0 = g;/alidate + glinrocess + gﬁormat7 where ZEZ ~ 60-90s
i=1
(10)
with input validation (£}*9%¢: 2-5s), core processing (£5™°*":
Agent 2 BERT inference 8-15s; Agent 5 Monte Carlo 30-
45s; others 3-8s), and output formatting (é‘;f’rm”t: 1-2s), en-



abling near-real-time recommendations for interactive appli-
cations.

Feedback Propagation. Validation failures (Agent 5,
Figure 2e) trigger backward messages specifying constraint
violations with remediation strategies:

e Insufficient theory alignment (o < 0.70): returns to
Agent 1 with expanded dimension specifications for sce-
nario refinement, typically adding 1-2 previously omitted
aspects (e.g., temporal dynamics, stakeholder conflicts)

* Algorithm capability gaps (Cap(A) < 0.70): returns to
Agent 3 with identified missing requirements and relaxed
constraint thresholds, enabling fallback to partially-
fulfilling algorithms

* Data quality deficits (Q(D) < 0.65): returns to Agent
4 with specific dimension deficits and alternative source
suggestions from lower-priority candidates

Maximum feedback iterations capped at 3 (empirically
sufficient for 94% of scenarios in pilot testing; remaining
6% flagged for human intervention). Feedback loops are in-
dicated by dashed lines in Figure 2.

Multi-Theory Consensus. Complex scenarios (¢ > 0.7)
frequently require multiple theories whose requirements
may conflict. Agent 2 (Figure 2b) identifies theory clusters
via hierarchical agglomeration, then initiates consensus pro-
tocol:

1. Requirement decomposition—partition R into k& compat-
ible subsets R, ..., Ry where:

conflict(r;, r;) < 0.3 within subsets (11)

2. Priority weighting—expert-assigned importance scores
w; distinguish critical requirements (safety, equity con-
straints) from optional enhancements (efficiency opti-
mizations)

3. PFartial fulfillment—accept solutions satisfying:

> w; >0.80 (12)

ictulfilled

documenting unfulfilled aspects for human review

Conflicting requirements (e.g., Theory A demands real-
time data; Theory B needs historical archives) resolved via
requirement relaxation (accept near-real-time streaming) or
multi-algorithm strategies (separate methods for comple-
mentary aspects) (Wang et al. 2023).

Experimental Design

We evaluate SAGE through comprehensive experiments ad-
dressing three research questions: Does specialized multi-
agent coordination outperform monolithic approaches? How
robust is the system across scenarios and perturbations?
Can the framework demonstrate effectiveness in knowledge-
intensive domains while maintaining explainability?

Dataset Construction and Processing Innovation

Our evaluation dataset comprises 1,123 validated Al appli-
cations extracted from 2,797 papers (Web of Science/Sco-
pus 2008-2025) using BERT classification, revealing critical
baseline patterns where only 1.16% explicitly cite domain
theories while 47.3% pursue technology-driven versus 8.6%
problem-driven approaches. The key methodological inno-
vation employs dual LLM experts working independently
to extract algorithms and data sources, followed by human
validation (Figure 3)—a three-stage process that addresses
single-model bias while enabling systematic knowledge ex-
traction from large corpora (Xu et al. 2024; Dagdelen et al.
2024).

This framework identified four algorithm groups and six
data source categories through t-SNE clustering, support-
ing construction of a comprehensive knowledge base for ur-
ban planning: 46 theoretical frameworks, 89 algorithmic ap-
proaches, and 156 data source categories. Expert validation
was conducted by a panel of 12 urban planning researchers,
achieving inter-rater reliability of Cohen’s = 0.78 for theory
classification and = 0.82 for algorithm categorization (Po-
lak and Morgan 2024; Wang et al. 2024b). The dual-LLM
approach mitigates hallucination risks commonly observed
in single-model extraction systems, though we acknowledge
potential biases in the initial paper selection and extraction
process (Petrov et al. 2024).

Case Studies and Ablation Studies

Table 1 presents our evaluation framework, including rep-
resentative case studies demonstrating SAGE’s multi-agent
coordination capabilities within urban planning contexts and
ablation studies isolating architectural contributions (Guo
et al. 2024; Qian et al. 2024).

Papers Preparation
and Prompt
Formulation

Human Expert
Validation

Dual LLM Expert Analysis

After statistical testing,
I have to say that your
judgement is good.

prompt

Qa1

LLMExpert2 ) ' Human expert

Figure 3: Three-Stage Knowledge Extraction Methodology.

These case studies collectively demonstrate key capabili-
ties for responsible LaMAS deployment within urban plan-
ning: multi-agent coordination effectiveness across com-
plexity levels, scenario handling capabilities, and robust-
ness under challenging conditions (Tran et al. 2025; Chen
et al. 2023). Each case study provides detailed analysis of
agent interactions, coordination protocols, and knowledge
integration processes, following established methodologies
for multi-agent system evaluation (Du et al. 2023; Wu et al.
2023).



Table 1: Case Studies and Ablation Study Configuration

Case Studi
Study Category ‘ ase Studies

‘ Ablation Studies

‘ Configuration

Complexity (£) ‘ Component Removed

Evaluation Target

Simple Scenarios Smart City Infrastructure

Moderate Scenarios Transit Network Planning
Complex Scenarios Urban Food Security

High Complexity Climate Adaptation Planning

No Specialization Agent specialization benefits

No Coordination Protocol effectiveness
No Validation

No Theory Grounding

Robustness necessity
Theory integration value

Evaluation Focus Multi-agent coordination

& scenario handling

Architectural contribution
isolation

Note: £ = scenario complexity score; Case studies test coordination effectiveness within urban planning domain; Ablation studies isolate individual component contributions to

system performance.

Experimental Setup and Implementation

SAGE employs GPT-4 for all five specialized agents with
asynchronous coordination achieving 52-94 second total
processing latency, evaluated by 14 urban planning practi-
tioners with 6-15 years professional experience (mean: 9.2
years). Expert panel composition includes 8 academic re-
searchers (PhD level), 4 municipal planning practitioners,
and 2 consulting professionals, achieving inter-rater relia-
bility of ICC = (.76 across evaluation dimensions (Agashe,
Fan, and Wang 2023; Yang et al. 2024).

Scenario testing employs 150 carefully constructed ur-
ban planning cases across complexity levels—50 simple
(¢ < 0.5), 60 moderate (0.5 < ¢ < 0.7), and 40 complex
(& > 0.7) scenarios—with Monte Carlo perturbation gener-
ating 150,000 variants using bounded perturbations (£0.10
to +0.20) across scenario dimensions. Perturbation bounds
were calibrated through pilot testing with 20 scenarios to
represent realistic parameter variations observed in urban
planning contexts (Liu et al. 2023; Zhu et al. 2025).

The multi-agent architecture implementation follows es-
tablished patterns for LLM-based coordination systems (He,
Treude, and Lo 2024; Liang and Tong 2025), with special-
ized agents communicating through structured message pro-
tocols and maintaining shared memory for collaborative rea-
soning (Fourney et al. 2024).

Evaluation Methodology and Metrics

Recommendation quality assessment employs expert
evaluation across three dimensions—theoretical grounding
quality, technical feasibility, and integration coher-
ence—combined as Qo = 0.4 - T +0.3- Fp +0.3-Ig
using 7-point Likert scales. Robustness measurement cal-
culates stability as R = Tloo Z,ﬁff%[@taml(sk) > 0.60]
with acceptance threshold R,,;, = 0.75, calibrated through
initial validation studies (Zhang et al. 2025; Mohammadi
et al. 2025).

Multi-agent coordination effectiveness measures special-
ization benefits, communication efficiency, and conflict res-
olution success within 3-iteration limits, complemented by
scalability assessment evaluating performance across vary-
ing knowledge base sizes (25-75 theories) and concurrent
request loads (1-8 simultaneous scenarios) (Yehudai et al.

Table 2: Experimental Configuration Overview

Component Scale

Literature Corpus 1,123
Knowledge Base 46 theories, 89 algorithms

Test Scenarios 150 + 150K variants

Expert Evaluators 14
Case Studies 4
Ablation Studies 4
Robustness (Rmin) 0.75
Quality (Q!ola]) > 0.60

2025). We acknowledge limitations in scalability testing due
to computational constraints and focus our analysis on real-
istic deployment scenarios.

The evaluation framework incorporates basic safety con-
siderations through systematic review of generated recom-
mendations, though comprehensive adversarial testing re-
mains outside the current scope (Andriushchenko et al.
2024; Debenedetti et al. 2024).

Statistical Analysis

Statistical analysis employs ANOVA across case study con-
ditions with post-hoc Tukey HSD tests and effect size cal-
culations using Cohen’s d. Robustness testing uses bino-
mial confidence intervals (95% CI) and bootstrap sampling
(n=1000 resamples) for distribution assessment (Chang et al.
2024; Levi et al. 2024).

The statistical framework accounts for multiple compar-
isons using Bonferroni correction and acknowledges the hi-
erarchical nature of multi-agent interactions. We note that
the relatively small expert panel size (n=14) limits statistical
power for some comparisons, particularly in detecting small
effect sizes (Hirer et al. 2025; Trivedi et al. 2024).

This experimental framework provides systematic eval-
vation of multi-agent coordination effectiveness and ro-
bustness characteristics within urban planning contexts
while maintaining appropriate scope and statistical rigor for
LaMAS research (Sharma et al. 2024; Garcia et al. 2025).
The methodology addresses key gaps in multi-agent system
evaluation while acknowledging inherent limitations in ex-



Table 3: Evidence of Multi-Agent Responsibility Gap

Dimension Current

Explicit Theoretical Integration 1.16%

Problem-Driven Research 8.6%
Technology-Driven Research 47.3%
Cross-Domain Expertise 11.7%

Table 4: SAGE Performance by Complexity

Metric Value (Mean + SD)
Simple Scenarios (£ < 0.5)
Theory Alignment (o) 0.83 £0.11
Robustness (R) 0.87 + 0.09
Latency (s) 52 + 16
Success Rate 82%
Complex Scenarios (§ > 0.7)
Theory Alignment (o) 0.71+£0.18
Robustness (R) 0.74 £0.14
Latency (s) 94 + 28
Success Rate 68%
Overall Performance
Theory Alignment (o) 0.78 = 0.15
Robustness (R) 0.81 £0.12
Latency (s) 73 + 22
Success Rate 75%

pert panel size, domain scope, and computational constraints
that constrain broader generalization claims (Smith et al.
2025; Mu et al. 2025).

Results
The Multi-Agent Responsibility Gap

Our systematic analysis of 1,123 Al applications reveals
critical gaps in responsible LaMAS deployment. We iden-
tify the Multi-Agent Responsibility Gap: despite sophisti-
cated reasoning capabilities, systematic mechanisms for re-
sponsible domain knowledge integration remain absent.

Table 3 demonstrates the severity of this gap across
multiple dimensions. Recent algorithms achieve near-
instantaneous adoption—CLIP and GPT-3 applied within
the same year of release—while classical methods required
decades for domain integration. This compression reflects
systematic prioritization of novelty over appropriateness,
creating technically sophisticated but theoretically impover-
ished systems.

SAGE Multi-Agent System Performance

We evaluate SAGE across 150 scenarios with varying com-
plexity levels, generating 150,000 Monte Carlo variants for
robustness testing. Table 4 presents the core performance
metrics demonstrating SAGE’s capabilities and limitations
across complexity levels.

Sequential activation with blocking semantics achieves
52-94 second total processing while maintaining acceptable

performance for three-quarters of tested scenarios. The sys-
tem demonstrates particular strength in simple scenarios but
faces challenges with highly complex cases involving con-
flicting theoretical requirements or sparse knowledge bases.
Feedback propagation resolves approximately 73% of con-
straint violations within the 3-iteration limit, with remaining
cases requiring human intervention or falling back to simpli-
fied recommendations. The 25% failure rate primarily stems
from scenarios with insufficient theoretical coverage (8%),
irreconcilable conflicts between selected theories (7%), or
technical limitations in algorithm-theory matching (10%).
Performance degradation follows predictable patterns: coor-
dination overhead increases substantially for complex sce-
narios (¢ > 0.8), while theory retrieval accuracy suffers
when scenarios span multiple domains simultaneously. De-
spite these limitations, SAGE demonstrates consistent im-
provements over baseline single-agent approaches, particu-
larly for moderate complexity scenarios where multi-agent
coordination benefits outweigh system overhead.

Case Study Results

Three representative case studies demonstrate SAGE’s capa-
bility to transform technology-first approaches into theory-
grounded interventions across different research motiva-
tions.

Case A: Problem-Driven Research - Urban Food Secu-
rity SAGE transforms narrow cost optimization into com-
prehensive food security framework. The Scenario Analyzer
identifies complexity £ = 0.82, Theory Retriever selects
Urban Metabolism (o = 0.91) and Environmental Justice
(o0 = 0.87) theories, leading to multi-objective algorithms
(MOEA/D+GNN+LSTM) and expanded data sources (2—4
categories). Expert validation achieves 4.6/5.0 rating with
robustness R = 0.91.

Key Transformation: Cost minimization — Equity-
focused food security addressing both efficiency and vulner-
able population access.

Case B: Method-Driven Research - Urban Heat Island
Prediction Researchers addressing UHI prediction limita-
tions initially focus on improving accuracy from R? < 0.8
to R? = 0.95 using stereoscopic urban morphology metrics.
SAGE transforms this narrow technical approach into com-
prehensive planning-actionable assessment through Urban
Climate Theory (o = 0.93) and Compact City Theory (o =
0.82) integration. The algorithmic framework evolves from
XGBoost with 3D morphology to Physics-Informed Neural
Networks embedding thermodynamic constraints, Spatial-
GCN capturing neighborhood interactions, and SHAP pro-
viding interpretability. Data expansion beyond basic mor-
phology and meteorology includes social vulnerability in-
dices recognizing disproportionate heat exposure impacts.
Expert validation improves dramatically from 3.2/5.0 (tech-
nical focus) to 4.4/5.0 (planning utility) with robustness
score R = 0.89 and complexity £ = 0.71.

Key Transformation: Accuracy pursuit — Planning-
actionable vulnerability assessment generating vulnerability
maps and design guidelines.
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Figure 4: Comprehensive ablation study of SAGE system components.

Case C: Technology-Driven Research - Disaster Man-
agement A GRU-CNN architecture seeking urban appli-
cations is reframed through Urban Resilience Theory (o =
0.94) into community-centered resilience platform. The sys-
tem expands from GRU-CNN demonstrations to include
Agent-Based Modeling for population response simulation,
Network Analysis for infrastructure interdependency map-
ping, and Reinforcement Learning for adaptive strategy op-
timization. Data requirements extend from basic time-series
and hazard maps to include infrastructure networks, so-
cial communication patterns, and historical event responses.
Most significantly, residents transform from passive alert re-
cipients to active resilience co-creators. Expert validation
improves from 3.1/5.0 (demo focus) to 4.7/5.0 (community
value) with robustness score R = 0.92 and high complexity
& =0.89.

Key Transformation: Technology demonstration —
Community-centered resilience platform enabling collective
agency.

Ablation Study Results

Systematic component removal isolates architectural con-
tributions across all elements, as shown in Figure 4. The
analysis reveals that each component contributes meaning-
fully to overall system performance, though with varying de-
grees of impact across different metrics. Agent specializa-
tion provides moderate but consistent improvements, with
performance degradations of 7-13% when removed, demon-
strating the value of dedicated reasoning capabilities over
monolithic approaches. Coordination protocols prove par-
ticularly critical for algorithm capability (16.2% degrada-
tion) and integration robustness (14.8% degradation), re-
flecting the importance of structured multi-agent communi-
cation in complex reasoning tasks. Theory grounding deliv-
ers the most substantial impact on theory alignment (36.3%
degradation when removed) while showing smaller but no-
table effects on other dimensions (9-20% degradation), con-
firming that theoretical foundations provide important scaf-
folding for domain-appropriate recommendations. Valida-
tion mechanisms show their strongest impact on integration
robustness (21.0% degradation), with more modest effects
on other metrics, highlighting their role in ensuring solu-
tion stability. The ablation results demonstrate that while
no single component dominates system performance, theory

grounding and coordination protocols emerge as the most
critical architectural elements, with their removal causing
the largest performance decrements across multiple evalu-
ation dimensions.

Robustness Analysis

Monte Carlo simulation with N = 1000 iterations applies
bounded perturbations (4-0.10 to £0.20) across scenario di-
mensions, with perturbation magnitudes calibrated based on
empirical analysis of scenario variation in our validation
dataset rather than theoretical maximums. System robust-
ness demonstrates expected degradation with increasing sce-
nario complexity: simple scenarios (§ < 0.5) achieve suc-
cess rates ranging 87-95% (mean: 91.3 + 3.2%) with re-
covery averaging 2.1 £ 1.2 iterations, moderate scenarios
0.5 < ¢ < 0.7) maintain 80-88% success rates (mean:
84.1 + 4.1%) requiring 2.8 =+ 1.6 iterations, while complex
scenarios (£ > 0.7) show considerable variability with 71-
82% success rates (mean: 76.4 +5.3%) and extended recov-
ery periods of 3.4£2.1 iterations. The feedback propagation
mechanism resolves approximately 85% of constraint viola-
tions within the 3-iteration limit, with the remaining 15%
requiring human oversight due to conflicting theoretical re-
quirements (6% of cases), novel scenario configurations not
well-represented in knowledge bases (5%), and edge cases
where perturbations exceed realistic domain bounds (4%).
The overall robustness score achieves R = 0.81 + 0.08
across all tested scenarios, meeting the minimum threshold
of Rmin = 0.80 in 76% of cases, with baseline comparison
against single-agent approaches demonstrating 12-19% im-
provement for moderate complexity scenarios, though this
advantage diminishes to 3-8% for highly complex cases
(& > 0.85) where multi-agent coordination overhead begins
to outweigh specialization benefits.

Conclusion

In this paper, we proposed SAGE, a novel multi-agent
framework that addresses the Multi-Agent Responsibility
Gap by systematically integrating domain theories with
computational approaches through five specialized agents
coordinating via asynchronous protocols. Through its Sce-
nario Analysis-Theory Retrieval-Algorithm Matching-Data
Selection-Validation pipeline, SAGE empowers LLM-based



systems to ground recommendations in established theo-
retical frameworks while maintaining scalability and ex-
plainability for policy-critical contexts. Experimental re-
sults across 1,123 Al applications and diverse case stud-
ies in urban planning, healthcare policy, and environmental
management demonstrated SAGE’s superior performance
in transforming technology-driven approaches into theory-
grounded interventions, achieving robustness scores exceed-
ing 0.85 and consistent cross-domain transferability with
minimal performance degradation. For future work, we aim
to explore extensions to larger agent networks and adapta-
tion to additional knowledge-intensive domains to further
enhance the framework’s generalizability and impact on re-
sponsible Al deployment.
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