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Abstract

Automated simulator construction requires
distributional fidelity, distinguishing it from
generic code generation. We identify two fail-
ure modes in long-horizon LLM agents: con-
textual drift and optimization instability arising
from conflating structural and parametric errors.
We propose SOCIA-EVO, a dual-anchored evo-
Iutionary framework. SOCIA-EVO introduces
(1) a static blueprint to enforce empirical con-
straints; (2) a bi-level optimization to decou-
ple structural refinement from parameter cali-
bration; and (3) a self-curating Strategy Play-
book that manages remedial hypotheses via
Bayesian-weighted retrieval. By falsifying in-
effective strategies through execution feedback,
SOCIA-EVO achieves robust convergence, gener-
ating simulators that are statistically consistent
with observational data. SOCIA-EVO’s code and
data are available here: https://anonymous.
4open.science/r/SOCIA-F8QE.

1 Introduction

The automated construction of simulators from ob-
servational data—data-driven simulation—is a cor-
nerstone for understanding complex systems (Brun-
ton et al., 2016; Venkatramanan et al., 2018; Le-
jarza and Baldea, 2022; Monti et al., 2023). Unlike
generic software engineering where functional cor-
rectness suffices, simulator construction is funda-
mentally a scientific modeling task requiring distri-
butional fidelity (Cranmer et al., 2020; Park et al.,
2023; Argyle et al., 2023). The generated pro-
gram must reproduce the statistical regularities,
causal mechanisms, and emergent behaviors of
the ground truth. While Large Language Models
(LLMs) demonstrate strong capabilities in trans-
lating natural language into code (Chen, 2021; Li
et al., 2022; Fried et al., 2022), applying them to
this domain remains challenging (Jimenez et al.,
2023; Liu et al., 2023; La Malfa et al., 2024). Mov-
ing from a static dataset to a dynamic, executable

simulation requires bridging a semantic gap while
maintaining rigorous consistency with empirical
constraints (Epstein, 1999; Camargo et al., 2020;
Gao et al., 2023; Wang et al., 2024b).

We identify two critical failure modes that arise
when standard LLM-based agents are applied to
automated simulator construction over long hori-
zons. The first is contextual drift. As simulator
complexity increases—with intricate state transi-
tions, heterogeneous entities, and rich interaction
dynamics—constraints established during the ini-
tial data analysis gradually lose salience in the
model’s attention (Liu et al., 2024b). Agents may
begin to hallucinate governing rules, violate data
schemas, or introduce mechanisms that were never
supported by evidence (Tian et al., 2025; Lee et al.,
2025). Without a persistent and authoritative an-
chor, the agent’s implicit objective can shift from
data fidelity to mere code completion (Arike et al.,
2025), yielding simulators that are syntactically
plausible yet physically or statistically invalid (Lee
et al., 2024; Xi et al., 2025; Wang et al., 2025b).

The second, and more critical, failure mode is
optimization instability during calibration. First,
agents frequently conflate structure and parame-
ters, failing to distinguish structural flaws (e.g., in-
correct transition logic) from parametric misalign-
ment (e.g., suboptimal rates). An agent may rewrite
otherwise-correct logic when simple tuning would
suffice, leading to oscillatory modifications analo-
gous to a ‘whack-a-mole’ game (McCulloch et al.,
2022; Olausson et al., 2023; Huang et al., 2025).
Second, this instability is amplified by the absence
of a persistent mechanism for actionable remedia-
tion (Madaan et al., 2023). As the context window
advances, the agent loses access to previously at-
tempted fixes and their quantitative outcomes, and
thus repeatedly proposes superficially plausible but
empirically ineffective repairs (Tan et al., 2025;
Zhang et al., 2025b). Crucially, these repairs are
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SOCIA-EVO: Bi-Level Optimization
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Figure 1: The SOCIA-EVO framework. The process is dual-anchored by a static Blueprint (B) and a dynamic Strategy
Playbook (K). A bi-level optimization decouples structural refinement (Outer Loop) from parameter calibration
(Inner Loop), leveraging metric-driven feedback to evolve strategies and prevent optimization instability.

not “truth” but hypotheses: an LLM may misat-
tribute errors or suggest misleading fixes (Huang
et al., 2023; Liu et al., 2024a; Zhang et al., 2025¢).
Without a system to validate and refine such hy-
potheses through repeated trials, the agent accumu-
lates brittle advice, revisits failures, and struggles
to converge to a high-fidelity simulator (Wang et al.,
2023; Miindler et al., 2024).

Recent work tackles pieces of long-horizon LLM
agents, but lacks a holistic solution for data-
driven simulator construction. General context-
evolution methods—Reflexion (Shinn et al., 2023),
TextGrad (Yiiksekgoniil et al., 2024), Dynamic
Cheatsheets (Suzgun et al., 2025), and ACE (Zhang
et al., 2025a)—do not provide metric-grounded
remediation validation: they may use execution
feedback, yet lack persistent attribution of improve-
ments to specific hypotheses and principled falsifi-
cation of ineffective ones. In contrast, LLM simula-
tion frameworks like YuLan-OneSim (Wang et al.,
2025a) generate behaviors within pre-defined envi-
ronments, assuming simulator rules/topology are
fixed rather than constructed from observational
data. Even calibration-aware methods such as G-
Sim (Holt et al., 2025) are typically short-horizon
optimizers without persistent tracking and valida-
tion of remedial strategies through repeated execu-
tion and metric gains, leading to re-exploration of
ineffective fixes and optimization instability.

SOCIA-EVO (Simulation Orchestration for
Computational Intelligence with  Agents-
Evolutionary)  reconceptualizes  automated

simulator construction as a dual-anchored evolu-
tionary process. First, to mitigate contextual drift,
we establish a Blueprint—a static, authoritative
specification derived from data analysis that an-
chors the agent to immutable statistical constraints.
Second, we implement a bi-level optimization

strategy. By delegating continuous parameter
tuning to an inner numerical loop, we decouple
structural reasoning from parameter search,
ensuring that agent feedback targets intrinsic
structural limitations rather than parameter noise.
Third, we maintain a Playbook of Remedial
Strategies: candidate repair hypotheses distilled
from metric-driven diagnoses. Importantly,
strategies are not assumed correct; they are
validated in action. Strategies that repeatedly
improve metrics are promoted, while ineffective
or harmful hypotheses are empirically falsified
and down-weighted. This enables the Playbook to
self-curate, retaining only high-utility strategies to
prevent regressions and redundant exploration.

Contributions. (1) We formalize simulator con-
struction as a dual-anchored agentic task, distin-
guishing it from generic code generation by empha-
sizing on distributional fidelity and optimization in-
stability. (2) We propose SOCIA-EVO, introducing
(i) a bi-level optimization architecture to decouple
parameter calibration from structural refinement,
and (ii) a Blueprint to enforce consistency with task
constraints. (3) We design a metric-driven Play-
book that maintains Remedial Strategies via a state
transition system and a knapsack-based retrieval
policy. Strategies are validated by execution: those
that consistently yield improvements are retained
with higher reliability, while falsified strategies are
down-weighted, enabling self-curation and stabiliz-
ing long-horizon optimization.

2 Related Work

SOCIA-EVO addresses the inverse problem of in-
ferring simulator logic from data, unlike Gen-
erative Agents (Park et al., 2023) and YuLan-
OneSim (Wang et al., 2025a) which operate within
fixed environments. This objective challenges



general refinement (e.g., Reflexion (Shinn et al.,
2023), TextGrad (Yiiksekgoniil et al., 2024)) and
APR methods (Xia et al., 2023; Chen et al., 2024,
Bouzenia et al., 2025), whose reliance on func-
tional correctness or deterministic oracles is incom-
patible with stochastic simulation, often leading to
misattributed logic faults. Even calibration-aware
approaches like G-Sim (Holt et al., 2025) risk in-
stability by conflating structural and parametric
errors. Finally, distinct from accumulative-context
frameworks like MemGPT (Packer et al., 2023) or
ACE (Zhang et al., 2025a), SOCIA-EVO employs
a self-curating Strategy Playbook to falsify inef-
fective hypotheses, mitigating hallucinations over
long horizons.

3 The SOCIA-EVO Framework

3.1 Problem Formulation & Overview

We formalize Automated Simulator Construction
as a search problem within the space of executable
programs. As shown in Figure 1, given an ob-
servational dataset Dy, and a task specification
7, the goal is to synthesize a simulator .S param-
eterized by discrete code structure P and contin-
uous parameters 6. Let Dy, ~ S(P,0) denote
the simulated dataset obtained by rolling out the
simulator (with stochasticity induced by simulator
randomness and/or Monte Carlo sampling). The
optimization objective is to minimize the distribu-
tional distance between Dy, and D p:

(P*,6") = arg min Dist (Dgip, Dops) (1)
P

, where Dg;,, ~ S(P, ). To solve this problem
efficiently, SOCIA-EVO employs a closed-loop it-
erative workflow involving six specialized agents.
As outlined in Algorithm 1, the process begins
with: (1) Data Analysis Agent, which synthesizes
a static Blueprint (B) to anchor the search space.
The system then enters an evolutionary loop: (2)
The Code Generation Agent synthesizes simula-
tor code P; and a parameter calibrator C; based
on B and the current Playbook strategies K; (3)
The Simulation Execution Agent executes C} to
optimize 6 (inner loop) and runs the simulation to
obtain metrics M,; (4) The Feedback Generation
Agent diagnoses discrepancies between M, and B;
(5) The Playbook Manager updates the remedial
strategy repository IC; (6) The Iteration Control
Agent evaluates convergence to decide termination.

Algorithm 1 SOCIA-EVO Framework Flow

Require: Observational Data D,s, User Intent Z
Ensure: Optimized Simulator S(P*, 6*)
1: B < DataAnalysisAgent(Dyps,Z) > Gener-
ate Blueprint (Static Anchor)
2: K« 0, P_y < O Initialize Playbook and
Code History
3:t+0
4: while not Converged do
5: Ssel < Knapsack(K) > Select strategies
from Playbook
P, Cy + CodeGenAgent(B, Sger, Pi—1)
0f « CalibratorExec(CY, Dyps) > Opti-
mize continuous params
8: M, < SimExecAgent(P;, 0F) > Ger met-
rics (Distribution fidelity)
9: F; + FeedbackGenAgent(My, B, P;)
10: K <+ UpdatePlaybook(/C, F}) > Merge &
State Update (Open/Resolved)
11: if IterationControlAgent(%) is STOP

Elen
12: break

13: | t+t+1
14: return S(P, 0;)

3.2 The Dual-Anchoring Mechanism

To mitigate context drift and ensure consistent
long-horizon optimization, SOCIA-EVO establishes
two complementary memory structures: a static
Blueprint that enforces immutable constraints, and
a dynamic Strategy Playbook that evolves with the
optimization trajectory.

3.2.1 The Static Anchor: Blueprint

The Blueprint (B) serves as the authoritative speci-
fication for the simulator. Unlike dynamic prompts
or file summaries that evolve and potentially decay
over long horizons, B functions as a set of im-
mutable constraints anchoring the generative pro-
cess to the ground truth. Structurally, B3 rigorously
defines the simulation topology, agent schemas
(roles, states, attributes), exogenous signals, and
crucial evaluation metrics aligned with D,s. To en-
sure domain alignment, we incorporate a human-in-
the-loop verification step where experts review and
iteratively refine the initial B via natural language
feedback before the optimization loop begins. This
preemptive intervention prevents the search from
initializing in an invalid subspace, ensuring that all
subsequent iterations adhere to a valid trajectory
verified by domain knowledge.



3.2.2 The Dynamic Anchor: Playbook

While the Blueprint fixes the target, the path to
reach it requires adaptive memory. The Strategy
Playbook (IC) acts as a dynamic repository of Re-
medial Strategies—actionable repair hypotheses.
Unlike passive logs, the Playbook is structured to
facilitate evidence-based retrieval and self-curation.
We formally define the Playbook as a set of strate-
gies K = {S1,S9,...,Sn}. Each strategy S; is a
structured tuple S; = (R;, I;, %;): (1) Reflection
(R;): Encapsulates the diagnostic content, includ-
ing the identified root cause, the proposed correc-
tive approach, and critically, the metric links set
A; C M. The set A; explicitly binds the structural
defect to specific simulation metrics (defined in B),
enabling evidence-based retrieval. (2) Meta-info
(I;): Maintains evolutionary statistics to estimate
reliability and scheduling priority. It is a quadru-
ple (u;,un;, s;, f;), where w; is the usage count
(times selected into the prompt), un; is the unusage
count (times not selected), s; is the success attri-
bution (times linked metrics improve and the issue
is resolved), and f; is the failure attribution (times
linked metrics regress after selection), respectively.
(3) State: A label from the finite state set indicating
the strategy’s current lifecycle phase.

3.3 The Core Engine: Bi-Level Optimization

With the anchors established, we now define the
execution engine. A core challenge in simulator
construction is that structural flaws (e.g., missing
feedback loops) and parametric misalignment (e.g.,
incorrect coefficients) often manifest as similar
metric deviations. LLMs, while adept at discrete
logical reasoning, struggle with high-dimensional
continuous parameter search. To address this, we
formulate the code generation process as a bi-level
optimization problem, decoupling the discrete
search for program structure P from the contin-
uous optimization of parameters 6.

Outer Loop: Structural Refinement. The outer
loop performs a discrete search over the space of
valid programs. At iteration ¢, the Code Generation
Agent acts as a policy 7 .yqe, Synthesizing the sim-
ulator structure P; and a corresponding parameter
calibrator Cy:

(P, Ct)  Teode(Pi—1, B, Knapsack(K)) (2)

where B ensures schema compliance and K pro-
vides evolutionary strategies. Crucially, the agent

does not guess #; instead, it synthesizes the op-
timization procedure (Cy) required to find them.
Specifically, the agent translates the parameter con-
straints (ranges, types) specified in B into exe-
cutable search spaces (e.g., Optuna distributions)
within C}, ensuring the optimization is strictly
bounded by domain knowledge.

Inner Loop: Parameter Calibration. The inner
loop executes the synthesized calibrator C, which
employs a numerical optimizer (e.g., Bayesian op-
timization or random calibrator) to solve for the
optimal parameters 6; under the fixed structure F;:

07 = argmin £ (Sim(P;, 0), Dyps) 3)
6co

where £ is a dynamically constructed loss function
that aggregates the distance metrics defined in B,
and O is the feasible parameter domain. This en-
sures that the performance metrics observed by the
Feedback Agent represent the intrinsic capacity of
the structure P;. By evaluating P, at its parametric
optimum, the system effectively filters out noise
from untuned parameters, allowing the Feedback
Agent to accurately attribute remaining deficits to
structural logic rather than calibration errors.

Iteration Control Policy. Iteration control stops
when improvements plateau or regress, preventing
over-correction and saving compute.

3.4 The Evolutionary Loop: Diagnosis,
Curation & Retrieval

The core engine generates a simulator and met-
rics, but convergence requires a mechanism to learn
from errors over time. We close the loop via a three-
stage evolutionary process: (1) Evidence-based di-
agnosis, (2) Strategy lifecycle management, and (3)
Context engineering for the next iteration.

3.4.1 Stage 1: Evidence-Based Diagnosis

To bridge numerical simulation results with sym-
bolic reasoning, the Feedback Agent performs
Evidence-Based Diagnosis within a strictly con-
strained context. The agent is restricted to an au-
thoritative whitelist of metric keys (K,,¢¢ric) de-
rived from the Blueprint, preventing the hallucina-
tion of non-existent evaluation criteria.

We enforce schema-constrained attribution:
every identified defect must explicitly bind to spe-
cific metrics via a metric_links field, validated
by exact string matching against K ¢¢ri. This fil-
ters out generic qualitative complaints and enforces



a rigorous mapping from defects to quantitative ev-
idence. Furthermore, to ensure actionable repairs,
we employ structured diagnosis fields. The agent
must populate four distinct abstraction levels: (1)
Symptom Translation (converting numeric sig-
nals into natural language); (2) Mechanism Hy-
pothesis (pinpointing responsible code logic and
line numbers); (3) Remediation Strategy (formu-
lating high-level directives for the next iteration);
and (4) Severity Assessment (classifying the de-
fect criticality into discrete levels, i.e., BLOCKER,
HIGH, MEDIUM, LOW, to prioritize repair urgency).
Only feedback satisfying this structural integrity is
accepted into the Playbook.

3.4.2 Stage 2: Lifecycle Management &
Self-Curation

Once diagnosed, strategies enter the Playbook
where their utility is tested over time. We
model this as a transition system over Q =
{OPEN, QUEUED, INPROGRESS, RESOLVED},
with full transition rules summarized in Table 1.

Phase 1: Selection & Lifecycle Events. These
events govern strategy admission into the context
window and backlog management. FE,.,, initial-
izes a new strategy Syeq, in OPEN when no match
exists in KC; Elerge refreshes a matched histori-
cal strategy Sp;s: (resetting it to OPEN while re-
taining its counters) when the same issue recurs;
FEerectea/mot_selected are triggered by knapsack
scheduling (Stage 3), moving selected strategies
to INPROGRESS with u; < u; + 1, and routing
unselected ones to (or keeping them in) QUEUED
with un; <— un; + 1 for backlog aging.

Phase 2: Metric Driven Feedback Events. We
refer 5 W to the average relative change of the
linked metric set A; from iteration ¢ — 1 to ¢, stabi-
lized by a small € to avoid division by zero.

AM
M, |A|Z \Mtl

Upon execution of the bi-level optimization, the
resulting metric changes (%) trigger evaluation
events for strategies in INPROGRESS: (1) Ecsolved
(Validation Success): Triggered when linked met-
rics improve significantly (% > 71). The strat-
egy transitions to RESOLVED, and the success
counter is incremented (s; <— s;+1). This provides

— Mi_1(m)

)|+ ¢ “)

'We set 7 as 3% empirically.

Table 1: State Transition Logic for Playbook.

Current State  Event New State
(None) Frew OPEN
OPEN Eselecte(i INPROGRESS
QUEUED Eciccted INPROGRESS
OPEN not_selected QUEUED
QUEUED not_selected QUEUED
INPROGRESS FEresolved RESOLVED
INPROGRESS  Efaisified OPEN
INPROGRESS wncertain OPEN
v eQ Energe OPEN

empirical validation that the remediation hypoth-
esis is beneficial. (2) Efqsificqa (Falsification):
Triggered when linked metrics degrade signifi-
cantly ( % < —7). This suggests the hypothesis
was ineffective or harmful. The strategy returns to
OPEN for reconsideration, while its failure counter
is incremented (f; < f; + 1). Accumulating fail-
ures reduces future selection probability, enabling
self-curation. (3) Eyncertain (Inconclusive): Trig-
gered when metric changes are negligible (| %] <
T) or inconsistent. The strategy returns to OPEN
with u; < u; + 1, avoiding premature confirmation
or rejection. We merge semantically similar feed-
back into an existing strategy (thresholded match-
ing) and inherit its (u;, un;, s;, f;) to preserve an
evidence-based reliability estimate.

3.4.3 Stage 3: Context Engineering via
Knapsack Selection

To construct the next-iteration prompt under a lim-

ited context budget Lyyqge, We select a subset of

candidate strategies from the OPEN/QUEUED pool

by solving a standard 0—1 knapsack:

> v > cii < Lyudget,
i i

)
where ¢; is the token cost of including strategy .S;
and v; is its estimated utility.

max
x€{0,1} % cand!

Valuation Function. We define the utility as a
product of severity, backlog urgency, and reliabil-
ity:

Uiqueue : (I)rel(si)y (6)

UV = Wsev *

where wge, 1S a discrete severity weight
mapped from the Severity Assessment:
Wsen(BLOCKER) = 1.0, wge(HIGH) = 0.8,
Wsey (MEDIUM) = 0.4, and wgey(LOW) = 0.2.
We use this monotone mapping to prioritize
high-impact defects while keeping the scale
bounded. U"“"* 1 + A - min(un;, K,) is



a backlog bonus that prevents starvation: un;
counts how many times .S; was not selected by
the knapsack scheduler, capped by K,. We set
A = 0.05 and K, = 10 in experiments. ®,; is the
empirical reliability, and we compute it as follows.

Bayesian Self-Curation. We model ®,..;(.S;) as
the posterior mean of a Beta—Bernoulli model with
a uniform prior:

®,1(9;) = E[Beta(s;+1, f;+1)] =

so repeated regressions increase f; and monoton-
ically reduce ®,.;, which in turn lowers v; and
suppresses falsified strategies in future selections.

Strategic Prompt Layout. To counter the “Lost
in the Middle” effect (Liu et al., 2024b; Hsieh
et al., 2024; Guo and Vosoughi, 2025), we struc-
ture the prompt into three zones: (1) System Zone
(Primacy) for agent’s role definitions and task in-
structions; (2) Background Zone (Middle) for logs
and previous code; and (3) Instruction Zone (Re-
cency), where the Blueprint 5 and the selected
strategies Ss¢; are placed immediately preceding
the generation token. This ensures the agent condi-
tions its generation on the most critical constraints
and validated fixes.

4 Experimental Setup

4.1 Benchmarks

We evaluate SOCIA-EVO on three real-
world-inspired simulation tasks covering
distinct modeling challenges. Unless otherwise
specified, all datasets are in English, and the
included human profile statistics represent general
populations without targeting specific demographic
groups. (1) User Modeling. Adapted from the
AgentSociety Challenge (Yan et al., 2025), this
task requires simulating user behaviors to predict
product ratings based on historical interactions.
The benchmark utilizes a rich corpus of 20,000
user-item reviews for simulator calibration; we
confirm that this public dataset was de-identified
upon release. The evaluation targets the accurate
prediction of 1,200 specific user-item ratings.
(2) Mask Adoption Simulation. Inspired by
BESSIE (Mortveit et al., 2022) and pandemic de-
cision models (Mitsopoulos et al., 2023), this task
models the diffusion of mask-wearing behaviors in
a socially embedded population of 100 residents.
As this dataset is synthetically generated for this

study, it contains no PII. It challenges the agent
to recover causal mechanisms involving heteroge-
neous social ties and external interventions. The
temporal split uses the first 30 days of behavioral
data for calibration, reserving the subsequent 10
days for simulation and prediction assessment.
(3) Personal Mobility Generation. Using the
real-world LLMob dataset (Wang et al., 2024a),
this task focuses on predicting next-day spatiotem-
poral trajectories. The dataset, which was fully
anonymized prior to publication, tracks 69 resi-
dents with an average observation period of 124.10
active days per user. The task evaluates robustness
under distribution shifts by requiring the simula-
tor to generate a full-day activity trajectory for a
randomly sampled target day, generalizing from
normal periods to pandemic-disrupted scenarios.

4.2 Baseline Methods and Implementation

Baselines. We compare SOCIA-EVO against
two categories of methods, all initialized with
the same SOCIA-EVO-derived data summaries.
First, simulation-specific methods:  YuLan-
OneSim (Wang et al., 2025a) structures scenarios
via ODD protocols and optimizes code through
a verify-repair loop; the G-SIM family (Holt
et al., 2025) (including G-SIM-ES and G-SIM-
SBI) combines LLM generation with gradient-
free calibration for robust extrapolation. Second,
we adapt general agentic frameworks by feeding
metric-driven execution evidence as feedback to
trigger memory updates: Reflexion (Shinn et al.,
2023) (verbal reinforcement via episodic memory),
Dynamic Cheatsheet (DC-CU) (Suzgun et al.,
2025) (accumulating successful strategies), and
ACE-Online (Zhang et al., 2025a) (iteratively cu-
rating context playbooks).

Evaluation Metrics. We report means with 95%
confidence intervals across five random seeds (Co-
las et al., 2018). Metrics are specified in the
Blueprint to align with task-specific goals: for User
Modeling, we use Mean Absolute Error (MAE)
on star ratings (Wang et al., 2024c); for Mask
Adoption, we use RMSE to assess the tempo-
ral alignment of adoption rates. For Personal
Mobility, we evaluate distributional fidelity using
JSD (Jensen-Shannon divergence of arrival times)
and WD (Wasserstein distance of geographic trip
lengths), where lower scores denote better results.

Fairness and Implementation. All experi-
ments utilize GPT-5.1 (OpenAl, 2025). To ensure
strictly fair comparisons, we employ two reproduc-



Table 2: Evaluation results (+denotes 95% Cls) on three simulation tasks, and lower values indicate better perfor-
mance. The best and second-best results are highlighted in bold and underlined. Mob. N—N, Mob. A—A, and
Mob. N—A denote Personal Mobility (training on normal period data and predicting normal period trajectory),
abnormal-to-abnormal (pandemic) prediction, and abnormal prediction using only normal-period history.

Methods | User. Mask. Mob. N—N (ID) Mob. A=A (ID) Mob. N—A (OOD)
MAE | RMSE | ISDJ WD | ISDJ WD J ISDJ WD J
Reflexion 0.1720.010 || 0.26£0.017 || 0.16£0.011 0.52£0.016 | 0.I8£0.016 0.53£0.016 | 0.1620.017 0.69£0.020
Yulan-OneSim || 0.21+0.018 || 0.16£0.014 || 0.12+0.016 0.49+0.017 | 0.1620.014 0.51£0.015 | 0.1320.017 0.64+0.014
G-SIM-ES 0.1320.013 || 0.27+0.018 || 0.074#0.010 0.38+0.018 | 0.074¢0.014 0.46+0.014 | 0.18+0.015 0.6420.012
G-SIM-SBI 0.19£0.014 || 0.1120.019 || 0.14+0.012 0.42+0.013 | 0.08+0.013 0.4320.013 | 0.06+0.018 0.5620.015
DC-CU 0.27+0.010 || 0.29£0.015 || 0.1940.013 0.58+0.014 | 0.24+0.014 0.60£0.015 | 0.20+0.015 0.710.011
ACE-OL 0.1420.015 || 0.24£0.014 || 0.10£0.015 0.44+0.017 | 0.14+0.017 0.50£0.015 | 0.1120.014 0.6120.017
SOCIA-EVO 0.110.012 || 0.0720.010 || 0.0420.013 0.3420.016 | 0.03£0.013 0.3620.014 | 0.0620.015 0.530.016

tion strategies. (1) Unified Skeleton for General
Agents: We implement ACE, DC, and Reflexion
within a shared framework identical to SOCIA-EVO.
Crucially, we augment these agents with the same
numerical calibrator, retrieval evidence, and LLM
interfaces, isolating the memory update policy as
the sole variable. (2) System-Level Alignment for
Domain Baselines: YuLan-OneSim and G-SIM
operate via their native pipelines (e.g., G-SIM’s
closed-loop calibration) to preserve architectural
integrity. We enforce strict alignment on external
constraints, including identical data visibility (anti-
leakage rules), compute budgets (max iterations),
and evaluation metrics. All baselines run in fully
automated modes without human intervention.

5 Evaluation Result

5.1 Main Results

Table 2 summarizes the performance of SOCIA-EVO
against all baselines across three tasks. SOCIA-EVO
achieves consistent best performance. These nu-
merical improvements are statistically significant
(p < 0.05) and consistent with 95% confidence
intervals of paired differences that exclude zero.

Comparison with General Agentic Frameworks.
It is important to reiterate that to ensure fairness,
Reflexion, DC, and ACE were augmented with the
same numerical calibrator as SOCIA-EVO. Despite
this enhancement, they struggle in high-fidelity
simulation tasks. Reflexion and DC-CU show
significant deficits in the Mask Adoption task
(RMSE 0.26 and 0.29, respectively, compared to
SOCIA-EVO’s 0.07). This empirical evidence sug-
gests that equipping general agents with calibration
tools is insufficient if the underlying memory up-
date policy cannot distinguish between structural
errors and parametric miscalibration. Reflexion
tends to overfit to specific failure cases (e.g., fixing
a syntax error but ignoring distribution shift), while

DC-CU suffers from negative transfer—retrieving
“successful” remedial strategies from disparate con-
texts (e.g., a wrong network topology) that bias
the simulation logic. ACE-OL performs relatively
better (RMSE 0.24) due to its structured playbook,
yet it still lags behind. This confirms that without
the Blueprint to constrain the search space and Bi-
level Optimization to decouple logic from parame-
ters, general agents largely “hallucinate” plausible-
looking but statistically invalid mechanisms.

Comparison with Simulation-Specific Methods.
SOCIA-EVO also surpasses domain-specific base-
lines, though the margins are tighter. YuLan-
OneSim shows decent structural correctness
(RMSE 0.16 in Mask) thanks to its ODD proto-
col, but lacks the fine-grained parameter optimiza-
tion required for precise trajectory fitting (trailing
in Mobility metrics). The G-SIM family is the
strongest competitor. G-SIM-ES performs well
in simpler tasks (User Modeling), while G-SIM-
SBI excels in complex calibration (Mask RMSE
0.11). However, SOCIA-EVO achieves superior con-
sistency (e.g., lower WD across all mobility set-
tings). We attribute this to SOCIA-EVO’s Strategy
Playbook and Knapsack mechanism. While G-SIM
effectively separates structural generation (\) from
parameter estimation (w), its iterative loop lacks
long-term evidence tracking over “remedial strate-
gies”. As a result, it may repeatedly revisit remedi-
ation hypotheses that have already been empirically
falsified, leading to a “whack-a-mole” pattern.

Robustness under Distribution Shifts. The
Mobility (N—A) task evaluates OOD robust-
ness (training on normal, predicting pandemic).
SOCIA-EVO matches the OOD-specialized G-SIM-
SBI in JSD (both 0.06) but outperforms it in
Wasserstein Distance (0.53 vs. 0.56). Since G-
SIM-SBI is explicitly designed for posterior in-
ference under uncertainty, its strong JSD is ex-



pected. However, SOCIA-EVOQ’s advantage in WD
implies that our system captures the underlying
spatial causal mechanism (e.g., restricted mobility
radius) more accurately than G-SIM, which likely
relies more on fitting temporal distributions. This
verifies that SOCIA-EVOQ’s Blueprint-anchored rea-
soning prevents the model from merely overfitting
parameters to the training distribution, enabling
true mechanism recovery.

5.2 Ablation Study

Table 3 reports performance deltas relative to the
full model, quantifying the contribution of each
component in SOCIA-EVO.

Component Impact. The largest drop comes
from removing the inner numerical calibrator (w/o
inner): parameter updates degenerate into LLM-
driven heuristic tuning from noisy metric feed-
back, which is coarse, unstable, and rarely yields
consistent objective reduction, causing sharp fi-
delity loss (e.g., +0.47 RMSE in Mask Adoption)
and underscoring bi-level decoupling. Removing
the Blueprint (w/o B) yields the second-largest
degradation by increasing schema violations and
weakening OOD robustness. Ablating HITL (w/o
HITL) further hurts performance, indicating that
lightweight expert checks during Blueprint con-
struction prevent early mis-specifications from de-
railing the search. Disabling the memory mecha-
nism (w/o mem.), where the agent operates without
historical context, leads to optimization oscillations
(“whack-a-mole”) observed in baselines. Finally,
replacing Knapsack retrieval with a sliding win-
dow (w/o K) or removing value-based sorting (w/o
value) consistently impairs long-horizon conver-
gence, as reliability-aware selection under a fixed
context budget prevents low-value or redundant
history from crowding out effective fixes.

Context Window Analysis. We study sensitiv-
ity to the Recency Zone size (default 1000 tokens;
~5-10 strategies) under the ‘Lost in the Middle’
effect. As shown in Table 3, Shrinking it to 400
tokens (-600) hurts performance by dropping high-
leverage strategies and guardrails. Conversely, ex-
panding the zone yields diminishing returns (+600)
or significant regression. At +1200, the overlong
prompt triggers ‘Lost-in-the-Middle’ effect. At
3200 tokens (+2200)—which allows fitting the
entire Playbook—results in a sharp performance
drop (e.g., +0.14 RMSE), nearly matching w/o
mem.. This striking observation confirms that an
overloaded context dilutes the model’s attention as

Table 3: We conducted an ablation study using
SOCIA-EVO as the baseline while larger positive A val-
ues indicate greater performance degradation.

Models | User. Mask. Mob. N—A
AMAE | ARMSE | AWD |

SOCIA - - -

w/o inner | +0.25+£0.01 | +0.4740.01 | +0.2940.01
w/o B +0.20+£0.02 | +0.37+£0.01 | +0.234+0.01
w/o HITL | +0.18£0.02 | +0.344+0.02 | +0.2140.02
w/o mem. | +0.14£0.01 | +0.3040.02 | +0.2040.01
w/o IC +0.10£0.02 | +0.234+0.02 | +0.1540.02
w/o value | +0.08+£0.01 | +0.174+0.01 | +0.1040.02
-600 +0.05+0.01 | +0.074+0.01 | +0.06+0.01
+600 +0.02+£0.02 | +0.0440.03 | +0.0340.02
+1200 +0.09+£0.01 | +0.11£0.01 | +0.0940.01
+2200 +0.12£0.01 | +0.1440.02 | +0.1340.01

severely as having no memory at all.

5.3 Analysis of Optimization Dynamics

To assess the stability of SOCIA-EVO’s long-horizon
optimization, we report three supplementary analy-
ses (§ A): (1) Convergence Trajectory: simulation
error decreases in a step-wise manner before enter-
ing mild oscillations, supporting our bi-level design
and plateau-based stopping. (2) Cumulative Re-
current Errors (CRE): repeated mistakes drop by
76 % by Iter 5, indicating that the knapsack-based
memory progressively down-weights empirically
falsified remedial strategies. (3) Issue Resolution
Rate (IRR): the system shifts from rapid bug fixing
to a later-stage bottleneck on stubborn structural
issues. Overall, SOCIA-EVO converges by pruning
unreliable remediation hypotheses while continu-
ing to test new ones without recurring regressions.

6 Conclusion

We presented SOCIA-EVO, a framework that treats
simulator construction as a scientific modeling dis-
cipline. To address contextual drift and optimiza-
tion instability, SOCIA-EVO adopts a dual-anchored
architecture: a static Blueprint to enforce empiri-
cal constraints, and a dynamic Strategy Playbook
that self-curates remedial hypotheses via execution-
grounded falsification. In addition, a bi-level opti-
mization decouples structural refinement from con-
tinuous parameter calibration, ensuring feedback
targets intrinsic structural limitations rather than
untuned parameter noise. Together, these mecha-
nisms move LLM-based construction beyond se-
mantic plausibility toward distributional fidelity
required for complex system modeling, with only
lightweight, one-time human verification during
Blueprint initialization.



Limitations

While SOCIA-EVO demonstrates promising capabil-
ities in automating the construction of high-fidelity
social simulators, several limitations remain:

1. Although the framework supports diverse sim-

ulation tasks and integrates multi-agent coor-
dination with feedback-driven refinement, its
performance is bounded by the capabilities
and biases of the underlying LLM backbone
(e.g., GPT-5). In highly novel or underrep-
resented domains, generated simulators may
struggle to generalize beyond memorized pat-
terns or may fail to produce semantically valid
behaviors.

2. We plan to extend SOCIA-EVO ’s capabilities

to support more complex scenarios involv-
ing long-term planning, multi-agent coopera-
tion and competition, and real-time decision-
making under uncertainty. This will require
augmenting agents with stronger memory,
strategic reasoning, and cross-episode learn-
ing capacities. In addition, integrating causal
modeling and counterfactual inference re-
mains a key direction to enhance the explana-
tory power and scientific utility of SOCIA-EVO-
generated simulators.

. Model Access and Licensing. The current im-
plementation relies on the commercial GPT-
5.1 API, which subjects the deployment of
our agents to the provider’s terms of use, cost
structures, and rate limits. This creates a bar-
rier for researchers without access to such re-
sources. We emphasize that our contribution
lies in the agentic architecture (SOCIA-EVO)
rather than the backbone model itself. Our
framework is designed to be model-agnostic;
while we report results using GPT-5.1 for opti-
mal performance, the published artifacts (code
and prompts) are licensed under Apache 2.0,
allowing future work to swap the backbone for
open-source alternatives as their capabilities
mature.

. Intended Use and Compliance. We con-
firm that our utilization of the GPT-5 series
aligns with its intended use as a general-
purpose reasoning engine, strictly adhering
to the provider’s Terms of Service and us-
age policies. Regarding the artifacts created

in this study—specifically the agentic frame-
work code and the generated simulation tra-
jectories—we specify their intended use for
academic research and non-commercial pur-
poses only. This designation ensures compat-
ibility with the original access conditions of
the proprietary backbone model, avoiding the
unauthorized distribution of commercial API
outputs for non-research contexts.

Ethical Considerations

This work involves a human-in-the-loop (HITL)
mechanism where domain experts review and re-
fine the initial simulation Blueprint (1B) via natu-
ral language feedback. We explicitly address the
ethical implications of data collection and human
participation in this process.

1. Ethics Approval and Oversight. The human
evaluation and feedback collection procedures
described in this study were reviewed and ap-
proved by the Institutional Review Board (IR-
B/HREC) of the authors’ institution (Approval
ID anonymized for blind review). The proto-
col adheres to the National Statement on Ethi-
cal Conduct in Human Research, ensuring the
protection of participants’ rights and welfare.

2. Participant Recruitment and Consent. We
recruited a diverse group of participants, in-
cluding domain experts in sociology, urban
planning, and computer science, to provide
expert feedback on the fidelity and alignment
of the generated simulations. Prior to the opti-
mization loop, all participants were provided
with a Participant Information Statement and
provided written informed consent. Participa-
tion was strictly voluntary, with a clear option
to withdraw at any time without penalty.

3. Data Privacy and Management. To protect
participant privacy, all feedback data collected
during the Blueprint verification and simula-
tor refinement stages were de-identified. Per-
sonally identifiable information (PII) was re-
moved prior to analysis. Data is stored on se-
cure, password-protected institutional servers
with access restricted solely to the research
team. No PII is contained in the artifacts or
models released with this work.

4. Potential Risks and Mitigation. Participa-
tion in this study is considered low risk. Poten-



tial discomforts are limited to minor psycho-
logical stress associated with using a new soft-
ware interface or reflecting on professional ex-
periences, and a time burden associated with
the evaluation tasks. To mitigate these risks,
all tasks were designed to be non-invasive, and
participants were explicitly informed of their
right to pause or withdraw at any time with-
out penalty. Technical support was provided
to minimize frustration during the interaction
with the SOCIA-EVO system.

. Participant Instructions and Disclaimers.
To ensure transparency and informed engage-
ment, we reported the full text of instructions
to participants via detailed information and
consent documents. These documents ex-
plicitly outlined the workflow, data handling
procedures, and disclaimers regarding poten-
tial risks (e.g., technical frustrations, privacy
measures). Participants were required to re-
view these materials and acknowledge the dis-
claimers regarding the nature of the simula-
tion tasks prior to providing consent. Copies
of these instruction materials are available in
the supplementary material.

. Recruitment Channels and Payment Ade-
quacy. Recruitment was conducted primarily
through institutional mailing lists and profes-
sional networks affiliated with the authors’
institution and partner universities, target-
ing both technical (CS researchers) and non-
technical (sociologists) cohorts. All annota-
tors are English speakers, and the recruitment
process did not target any specific racial, eth-
nic, or demographic groups. Participants were
compensated for their time via prepaid gift
cards. This rate was explicitly determined in
alignment with the local national minimum
wage and relevant fair work guidelines for ca-
sual research participation, ensuring the pay-
ment is adequate and non-exploitative given
the participants’ demographic of local resi-
dents and academic professionals.

. Broader Impact. While SOCIA-EVO aims to
automate simulator construction, we empha-
size that the system is designed to augment,
not replace, human domain expertise. The
inclusion of the HITL verification step is a
deliberate design choice to mitigate the risks
of hallucination and ensure that the generated
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simulators remain grounded in empirical con-
straints and ethical boundaries.
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A Supplementary Experiments

A.1 Experimental Setup and Resource
Analysis

To ensure a fair comparison, we unified the experi-
mental configurations for both the reproduction of
all baselines and the evaluation of SOCIA-EVO.

Model and Inference Settings. First, all agent
implementations utilize the GPT-5.1 version as the
uniform backbone model. We standardized the rea-
soning intensity across tasks: the code generation
phase is set to Medium reasoning strength, while
all other reasoning tasks (e.g., diagnosis, feedback
generation, and patching) are set to Low. Second,
we unified the iteration budget. The maximum
number of iteration rounds is set to 9. If conver-
gence is not achieved by this limit, the system au-
tomatically terminates the iterative process. We do
not impose restrictions on the token throughput for
LLM calls during these sessions.

Time and Convergence Analysis. As illustrated
in Figure 2 (§A.2), statistical analysis indicates
that SOCIA-EVO typically achieves optimal perfor-
mance around the 3rd to 4th iteration. Following
a period of performance oscillation (approximately
2 rounds), the optimization process generally con-
cludes at the 6th round (with a maximum upper
bound of 7 rounds).

The duration of each iteration round is approxi-
mately 30-50 minutes, detailed as follows:

e LLM Latency: The average waiting time for
LLM API responses is 25 minutes. Specif-
ically, code generation (under Medium rea-
soning) accounts for 10-15 minutes, while
auxiliary tasks such as diagnosis and patch ap-
plication (under Low reasoning) average 1-2
minutes.

Simulation Runtime: The remaining time
is dedicated to simulator execution. This du-
ration varies based on the complexity of the
generated simulator and the parameter cali-
bration epochs automatically specified by the
code agent. Under normal execution condi-
tions (without runtime errors), the total time
for simulation, optimization, and inference
ranges from a minimum of 60 seconds to a
maximum of 1,500 seconds.

Economic Cost. For a complete lifecycle of
SOCIA-EVO code generation (spanning the typi-
cal 67 rounds of optimization), the total token
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throughput results in an economic cost of approxi-
mately $1.50 — $2.00 USD.

A.2 Convergence Trajectory

To understand how SOCIA-EVO improves simulator
fidelity over iterative self-revision, we visualize its
convergence trajectory across three tasks and mul-
tiple metrics (as shown in Figure 2). The x-axis
denotes iteration steps, and the y-axis reports simu-
lation error (distance to ground truth; lower is bet-
ter). We track eight curves, covering User rating
prediction (MAE), Mask adoption (RMSE), and
Mobility simulation under three regimes: N—N
(in-distribution), A—A (in-distribution within ab-
normal period), and N—A (OOD), each measured
by JSD and Wasserstein distance (WD).

Overall, SOCIA-EVO exhibits a step-wise mono-
tonic descent in the early-to-mid iterations, fol-
lowed by oscillation/rebound that triggers early
stopping. Specifically, the first three iterations yield
broad and consistent improvements: User MAE
drops from 0.233 to 0.138 (iterO—iter3), and Mask
RMSE decreases from 0.134 to 0.073, indicating
steadily improving predictive accuracy. For mo-
bility, the gains are most pronounced in the WD-
based errors: A—A WD sharply reduces from 3.174
to 0.364 by iter3, and N—A WD collapses from
6.574 to 0.999, suggesting the simulator quickly
corrects coarse spatial displacement and trip-length
mismatch. Meanwhile, N—N JSD improves from
0.087 to 0.038 (iter0—iter3), showing better align-
ment of distributional structure under normal con-
ditions.

After reaching this “good” region (around iter3—
iter4), the curves begin to oscillate, revealing met-
ric trade-offs and occasional over-correction. For
instance, N—N JSD rebounds at iter4 (0.206) and
further worsens at iter5 (0.333), while N—A WD
improves at iter4 (0.525) but rebounds at iter5
(1.290) and degrades substantially at iter6 (2.731).
These dynamics suggest that later edits can im-
prove one regime while harming another, making
further updates less reliably beneficial.

These trajectories support the design rationale
of SOCIA-EVO’s bi-level strategy: early iterations
primarily fix high-impact, globally harmful errors
(hence the staircase-like decreases), while later
iterations become sensitive to metric trade-offs,
where further edits can cause non-monotonic re-
bounds. Importantly, once such oscillation appears
(e.g., iter5—iter6 shows clear degradation in multi-
ple mobility errors), the iteration control agent
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Figure 2: Metric trends over iterations (small multiples). Each point is one iteration.

terminates the loop, preventing drift away from
previously validated improvements. This behavior
aligns with our goal of robust, stable progress:
SOCIA-EVO improves in discrete, verifiable steps
until additional updates no longer yield reliable
gains, at which point the controller halts to pre-
serve the best-found simulator state.

A.3 Quantification of Negative Knowledge
Retention

To rigorously evaluate the efficiency of the Knap-
sack mechanism in suppressing repeated mistakes
(the “whack-a-mole” phenomenon), we introduce
the Cumulative Recurrent Errors (CRE) metric.
This metric quantifies the volume of structural or
parametric errors generated at iteration ¢ that are
semantically identical to strategies already falsified
in iterations O to ¢ — 1.

Definition and Detection Procedure. We main-
tain a dynamic Failure History Registry H 4 con-
taining normalized representations of all failed
code snippets and strategies from previous itera-
tions. The detection pipeline proceeds as follows:

1. Normalization: For every generated simula-
tor code P, C; or strategy description S;, we
strip variable naming permutations and for-
matting noise to extract a semantic fingerprint
(e.g., using Abstract Syntax Tree normaliza-
tion for code).

Matching: We compare the current finger-
print against Hy.;. A Recurrent Error
is flagged if the similarity score (calculated
via SequenceMatcher) exceeds a threshold of
0.95, indicating the agent is retrying a known
failure.
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3. Calculation: The CRE value for iteration ¢
is the count of such flagged errors within that
generation batch.

Experimental Setup. We report the CRE statis-
tics across all three benchmarks: User Modeling,
Mask Adoption, and Personal Mobility (includ-
ing Normal— Normal, Abnormal—Abnormal, and
Normal—Abnormal settings). Consistent with our
main experiments (Section 4.2), results are aver-
aged across five random seeds to ensure statistical
robustness.

Results and Analysis. Table 4 presents the evo-
lution of CRE from Iteration 1 to 5. Trend Analy-
sis: At the initial stage (Iter 1), the agent exhibits
a higher tendency to repeat errors (Average CRE
~ 2.20), as the Playbook is still sparse. However,
as iterations progress, we observe a consistent and
significant downward trend across all tasks.By Iter-
ation 5, the average CRE drops to 0.53, a reduction
of 76% compared to Iteration 1. Task-Specific
Insight: The Mask Adoption and Personal Mo-
bility (N—A) tasks initially show high recurrence
(1.8 and 2.6) due to the complexity of finding cor-
rect causal mechanisms (e.g., intervention logic).
Crucially, the rapid decline in these complex tasks
confirms that the Knapsack algorithm successfully
identifies and “freezes” high-value negative con-
straints, effectively pruning the search space and
forcing the LLM to explore novel solutions rather
than cycling through invalid ones.

A.4 Dynamics of Feedback Resolution

To further investigate the efficiency of the optimiza-
tion loop, we analyze the Issue Resolution Rate
(IRR), defined as the proportion of diagnostic is-
sues identified in iteration ¢ that are successfully



Table 4: Evolution of Cumulative Recurrent Errors
(CRE) across iterations. Values represent the average
count of repeated mistakes per iteration (averaged over
5 seeds). The declining trend demonstrates the system’s
increasing ability to avoid past failures.

Task | Iter1 Tter2 Tter3 Tter4 Iter5
User. 2.20 1.60 1.00 0.67 0.33
Mask. 1.80 1.67 1.33 1.00 0.67
Mob. N—N 2.20 1.40 1.33 0.67 0.33
Mob. A—A 2.20 1.60 1.67 1.00 0.67
Mob. N—A 2.60 2.00 2.00 1.33 0.67
Average ‘ 2.20 1.65 1.47 0.93 0.53

Dynamics of Feedback Resolution

User Modeling ~

Mask Adoption
Mob N->N
Mob A->A
Mob N->A

I I |

0
0->1 1->2 2->3

Issue Resolution Rate (IRR)
K J

3->4 4->5 5->6

Optimization Phase (Iteration Transition)

Figure 3: Visualizing the Dynamics of Issue Resolution
Rate (IRR). A distinct phase shift is observed after Iter-
ation 3, where the resolution rate drops as the system
confronts complex structural bottlenecks.

resolved in iteration ¢ + 1. This metric serves as a
proxy for the “fixability” of errors and the efficacy
of the agent’s reasoning during code refinement.

Two-Phase Optimization Process. As illus-
trated in Figure 3, the optimization process exhibits
two distinct phases:

1. Rapid Correction Phase (Iter 0 — 3):
The system demonstrates high resolution ef-
ficacy, with IRR values consistently exceed-
ing 80% (e.g., reaching 100% in User Mod-
eling and Mask Adoption). In this phase,
the feedback primarily targets “low-hanging
fruits”—syntax errors, API misuses, and ob-
vious logical inconsistencies. The high IRR
confirms that SOCIA-EVOQ’s Code Gen Agent
can accurately interpret and act upon explicit
diagnostic feedback.

Stubborn Bottleneck Phase (Iter 3 — 6):
As the simulation fidelity improves, the IRR
drops significantly (averaging below 50% in
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Mobility tasks). The remaining issues in
this phase are typically stubborn structural
conflicts (e.g., satisfying both JSD and WD
metrics simultaneously in Mobility N—N) or
complex causal mechanisms. The lower reso-
Iution rate indicates that the agent is engaging
in a difficult search for global optima within
a highly constrained solution space, where
fixing one issue may inadvertently trigger an-
other (trade-offs), rather than simply failing
to understand the instruction.

Task Complexity Correlation. The IRR trajec-
tory also reflects task difficulty. User Modeling,
being a relatively simpler regression task, main-
tains a high resolution rate (e.g., 7/7 in Iter 3 — 4)
throughout the process. In contrast, the Mobil-
ity (N—N) task sees a sharp decline in resolution
efficiency (dropping to 2/5 in Iter 3 — 4), high-
lighting the intrinsic difficulty of modeling high-
dimensional spatiotemporal trajectories where la-
tent factors (Pattern, Persona) are entangled.

Relationship with Recurrent Errors. It is cru-
cial to distinguish the low late-stage IRR from the
low Cumulative Recurrent Errors (CRE) reported
in Appendix A.3. A low CRE implies the agent
does not repeat previously failed strategies; com-
bined with a low IRR, this suggests the agent is ac-
tively exploring novel but unsuccessful hypotheses
to solve stubborn problems. This characterizes a
system that is robust against regression (forgetting)
but honestly constrained by the intrinsic hardness
of the scientific modeling task.

A.5 Qualitative Analysis: Structural
Evolution on Mob. N—A

We qualitatively analyze why the Mob. N—A
simulator improves from iter_0 to iter_4. The
key driver is structural alignment between the
simulator and the evaluator with the Blueprint,
rather than merely increasing calibration iterations.
Across iterations, POI hit-based metrics (e.g., re-
call) steadily improve, transition-level divergence
consistently decreases toward its best values, and
spatial-distance discrepancies shrink substantially,
while the overall objective reaches its best perfor-
mance in the final iteration. Below we trace this
trajectory through the evolution of code structure
and modeling choices.



A.5.1 [Iteration-by-Iteration Code Evolution

iter_0: End-to-end runnable, but partially un-
optimizable. The initial implementation estab-
lishes the full pipeline—data split, calibration, roll-
out, and metric computation—but several core com-
ponents remain fragile. In particular, trajectory
parsing/serialization and token matching are insuffi-
ciently canonicalized, causing downstream metrics
to degrade into uninformative regimes (e.g., recall
collapses, transition metrics saturate, and distance
metrics become unreliable due to failed coordinate
joins). As a result, the calibrator is effectively op-
timizing an objective polluted by representation
artifacts rather than genuine behavioral discrepan-
cies.

iter_1: Make the evaluator trustworthy before
improving the simulator. The first major step is
to repair the measurement layer: trajectory parsing,
strict string formatting, and metric implementations
(notably recall and transition metrics) are fixed so
that the objective reflects real differences between
simulated and observed behavior. This shift is cru-
cial: once the evaluator becomes consistent with
the dataset schema, calibration becomes direction-
ally meaningful. A notable side effect is that some
errors appear larger after this repair—not because
the simulator worsened, but because the evaluation
stopped masking mismatches and began exposing
true deficits that were previously hidden by broken
scoring.

iter_2: Enforce representation invariances and
stabilize temporal modeling. With evaluators
corrected, the next structural upgrade is robust
canonicalization: POI tokens are normalized (e.g.,
punctuation/whitespace handling) to reduce spuri-
ous mismatches, and time-of-day modeling is made
consistent by adopting an explicit binning strategy
that is shared by both generation and evaluation.
These changes reduce variance in the objective and
improve comparability across days and users, mak-
ing the calibration landscape smoother. In practice,
this iteration marks the transition from “fixing bugs”
to “reducing estimator noise”.

iter_3: Strengthen behavioral conditionality
and move from mean-matching to distribution
fitting. The third iteration upgrades the genera-
tive mechanism itself. POI choice becomes strongly
conditional on super-category (or an equivalent
high-level activity type), while incorporating per-
user preference signals and anchor reuse to enhance
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personalization. In parallel, stop-count modeling
is improved from coarse heuristics (often mean-
driven) to distribution-aware fitting, so the simu-
lator can match not only expected counts but also
the shape of the stop-count distribution. These
structural changes are reflected in substantial im-
provements in hit-based measures and transition
consistency, indicating that the simulator begins to
reproduce user-specific mobility signatures rather
than generic category-level patterns.

iter_4: Inject 7-day context throughout the
day, enforce time-budget realism, and correct
spatial bias. The final iteration integrates multi-
ple missing ingredients into a coherent design and
yields the best overall behavior. First, the 7-day
context is elevated from a weak initialization cue to
a persistent conditioning signal that influences de-
cisions throughout the day by injecting recent POIs
into candidate sets, improving both personalization
and POl-level fidelity. Second, the simulator intro-
duces explicit time-budget constraints for stop and
gap sampling, preventing unrealistic truncation ar-
tifacts and stabilizing time-related statistics. Third,
spatial evaluation is revised to explicitly account for
coordinate missingness, computing distance-based
metrics on resolvable step pairs to avoid biased
comparisons. Finally, previously restrictive param-
eter bounds (e.g., clipped mixture weights between
preference and distance) are relaxed to permit cal-
ibration to explore the full admissible range, im-
proving parameter identifiability. Together, these
changes produce the strongest improvements in
POI hit-based metrics, the lowest transition diver-
gences, the best spatial-distance alignment, and the
best overall objective.

A.5.2 Takeaway: A Three-Stage Maturation
Pattern

The Mob. N— A evolution exhibits a clear three-
stage pattern: (i) Make evaluation optimizable by
fixing parsing, serialization, and metric degenera-
cies; (ii)) Make modeling consistent via token canon-
icalization and shared temporal abstractions; (iii)
Make behavior faithful through strong conditioning
(7-day context), realistic constraints (time budget),
bias-aware spatial scoring, and unclipped calibrat-
able degrees of freedom. This progression trans-
forms calibration from “optimizing noisy artifacts”
into “optimizing distributional fidelity”, explain-
ing why later iterations steadily converge toward
higher-fidelity simulator behavior.



B Strategy Playbook: Structure and
Contents

In this section, we present an example Strategy
Playbook entry for a remedial strategy and analyze
its structure as well as the role of each field.
SOCIA-EVO maintains a Strategy Playbook as
a persistent repository of remediation knowledge
accumulated across iterations. The Playbook is
a JSON artifact with two top-level components:

playbook_metadata and strategies. We de-
scribe each component below.

B.1 Playbook Metadata

The playbook_metadata block summarizes

the global state of the Playbook at the time

it is saved. It includes: (i) versioning and
provenance (version, project_name); (ii)
recency information (last_updated_time,

last_updated_iteration); (iii) size statistics
(total_token_count, total_insights); and
(iv) outcome bookkeeping (solved_count,
unsolved_count, deleted_count,
finalized_at). This metadata provides a
compact snapshot for memory budgeting (e.g.,
token counts) and for monitoring the health of the
knowledge base (e.g., unresolved items).

B.2 Strategy Entries

The core content lives in strategies, a dictio-
nary keyed by a unique strategy id (a human-
readable slug). Each strategy entry comprises
two parts: meta_info (usage- and status-level
bookkeeping) and reflection (the actionable,
evidence-grounded remediation record).

Meta-information (meta_info). meta_info
captures how a strategy behaves over time:
token_count measures its prompt footprint;

status indicates whether it 1is currently
considered resolved or not; usage_count
and unusage_count record retrieval/selec-

tion frequency, success_attribution and
failure_attribution track how often the strat-
egy is empirically associated with improvements or
regressions. These fields support reliability-aware
selection under a fixed context budget.

Reflection record (reflection). reflection
is the substantive content of a strategy: it formal-
izes a repair as a testable hypothesis grounded in
metrics and traceability links. It contains:

17

* Problem typing and priority: issue_type,
severity, and from_user_feedback.

e Anchors to authoritative constraints:
blueprint_refs, which point to the relevant
requirements/definitions in the Blueprint.

* Traceability to code: code_ref's, which list
implicated program symbols (and optionally
line spans if available).

* Evidence: evidence stores supporting sig-
nals such as metrics, error_logs, and (if
present) user_feedback.

* Causal diagnosis: error_identification
states what is wrong; root_cause_analysis
explains why it happens.

* Actionable remediation:
correct_approach  specifies concrete
corrective steps to apply in subsequent
iterations.

* Portable lesson: key_insight distills a gen-
eralizable principle beyond a single patch.

* Metric grounding: metric_links enumer-
ates which metrics the strategy targets, includ-
ing directionality and weights.

B.3 Example Strategy (Illustrative Field
Semantics)

To illustrate how a single entry is structured, con-
sider a resolved strategy whose id indicates a mis-
match in stop-count modeling. Its reflection: (i)
classifies the issue as an evaluation signal with high
severity; (ii) links to Blueprint items that define the
stop-count metric and the associated calibratable
parameter; (iii) references the implicated code sym-
bols in the simulator and evaluator; (iv) records
metric evidence showing systematic stop-count de-
viations and distribution mismatch; (v) diagnoses
the root cause as a mismatch between sampled
sequence length and later truncation during time-
feasibility checks; and (vi) proposes a corrective ap-
proach that (a) applies a distribution-aware length
adjustment (rather than rounding counts) and (b)
enforces time feasibility during gap sampling to
prevent truncation-induced bias. Finally, the entry
ties the remediation to explicit target metrics via
metric_links, enabling the system to prioritize
strategies that directly address the current failure
modes.



Playbook Fields.

* playbook_metadata.*: Global snapshot of
the Playbook, including version, recency, size,
and solved/unsolved bookkeeping.

e strategies[id].meta_info: Retrieval
footprint and reliability signals (e.g., usage
counts, attribution, and status).

* issue_type/severity: The failure category
and its urgency level.

* blueprint_refs: Which Blueprint con-
straints/definitions this strategy must respect.

* code_refs: The implicated code symbols for
debugging and patching.

* evidence: Empirical signals supporting the
hypothesis (metrics, logs, and/or user feed-
back).

e error_identification: The observed dis-
crepancy (what goes wrong).

* root_cause_analysis: Why the discrep-
ancy occurs in the implementation/design.

* correct_approach: Concrete repair steps to
apply in the next iteration.

* key_insight: A transferable lesson that gen-
eralizes across iterations/tasks.

* metric_links: The target metrics and their
relative weights/directions.

Illustration of the playbook.

{

{
"playbook_metadata”: {
"version": "v@.1",
"project_name": ""
"last_updated_time”: "2026-01-04T10:18:58.021231",
"last_updated_iteration”: "3",
"total_token_count”: 1555,
"total_insights”: 34,
"solved_count"”: 28,
"unsolved_count”: 6,
"deleted_count”: o,
"finalized_at": "2026-01-03718:07:02.323788"

1,

"strategies”: {
"stop-count-model-underestimates-
and-misaligns-distribution”: {

"meta_info": {
"token_count”: 339,
"status”: "resolved"”,
"usage_count”: 1,
"unusage_count”: @,
"success_attribution”: 1,
"failure_attribution”: @

3,

"reflection”: {
"issue_type": "EVAL_SIGNAL"
"severity”: "high",
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"from_user_feedback”: false,
"blueprint_refs”: [
"stop_count_mae definition”,
"theta_stop_count_multiplier calibratable

parameter”
[P
"code_refs”: [
{
"symbol”: "Resident.simulate_day”,
"lines": "unknown"”
},
{
"symbol”: "Evaluator.compute_metrics”,
"lines": "unknown"
3
[

"evidence": {

"user_feedback”: null,

"error_logs": null,

"metrics"”: "stop_count_abs_mean_error=2.2225;
diagnostics gt_mean_visits_per_day=7.759 vs
sim_mean_visits_per_day=6.686;
stop_count_k1=0.4452"

},

"error_identification”: "Stop counts are materially
off: simulations average ~1.07 fewer
visits/day than ground truth, with large
per-day absolute error (~2.22) and
distribution mismatch (KL~0.45).",

"root_cause_analysis"”: "Stop-count generation
rescales a discrete pmf by rounding counts
(c2 = round(c * mult)) and then applies
ad-hoc neighbor smoothing (adding mass to
ct/-1). This can distort the original
distribution (multi-modal shapes collapse),
and the later truncation in simulate_day
(break if t_min >= day) further reduces
realized stop count, biasing downward vs the
sampled stop_count.”

"correct_approach”: "Stabilize stop-count control
and prevent truncation bias:\n1) Sample
stop_count directly from the baseline pmf,
then apply multiplier by shifting
probabilities rather than rounding counts
(e.g., reweight each count c by exp(-|c -
cxmult|/tau) and renormalize).\n2) Track when
the time loop truncates
(t_min>=MINUTES_PER_DAY) and either (a) cap
gap sampling to fit remaining day time, or
(b) allow later-day timestamps up to 23:59 by
compressing gaps.\n3) Add a diagnostic:
sampled_stop_count vs realized_len(visits) to
quantify truncation-induced error per split.”,

"key_insight"”: "If you sample a target sequence
length but later time-feasibility truncates
the sequence, you must either enforce
feasibility during length sampling or adjust
gaps to honor the sampled length; otherwise
stop-count metrics will be systematically
biased.”,

"metric_links": [

{

"name”: "stop_count_abs_mean_error”,
"direction”: "lower_is_better”
"weight": 0.6

1

{

"name”: "stop_count_kl1",
"direction”: "lower_is_better”
"weight": 0.4

Example of playbook and its managed strategy.




C Blueprint Design

C.1 Blueprint Synthesis via
Data-Analysis-Driven Specification

Rationale. Automated simulator construction is
a long-horizon search over executable programs,
where early mistakes in data interpretation can
propagate and dominate later iterations. To stabi-
lize this search, SOCIA-EVO introduces a Blueprint:
a structured, persistent specification that translates
a task description and raw observational data into
an explicit simulator design space. The Blueprint
functions as an authoritative anchor that (i) con-
strains what mechanisms may be introduced, (ii)
specifies what is measurable and calibratable, and
(iii) provides a shared reference for all downstream
agents throughout iterative refinement.

C.2 Inputs and Outputs

The Data Analysis stage takes two inputs: a natural-
language task specification and a collection of
observational datasets. Its output is a machine-
readable Blueprint consisting of ten tightly scoped
components: (1) overall simulation design, (2)
scale and granularity, (3) agent archetypes, (4) in-
teraction topology, (5) information propagation, (6)
exogenous signals, (7) action and decision policy,
(8) holdout plan, (9) simulation evaluation, and
(10) calibratable parameters. Together, these com-
ponents define what the simulator is, what it can
vary, and how its fidelity will be judged.

C.3 From Observational Data to Simulator
Design Constraints

Schema-grounded understanding. Rather than
asking the model to invent a simulator from scratch,
we first ground the analysis in what the data
can support. For each dataset, the agent extracts
lightweight structural evidence—identifiers, record
formats, temporal fields, spatial keys, and linkable
attributes—and distills it into a semantic summary.
These summaries establish a contract between ev-
idence and modeling: which entities exist, what
states can be observed, how time and space are
represented, and which files can be joined to re-
cover latent attributes (e.g., coordinates or cate-
gories). By explicitly encoding these constraints,
the Blueprint prevents downstream agents from hal-
lucinating incompatible schemas or unsupported
mechanisms.

Evidence-aligned decomposition. Using the
task description as the objective and the data sum-
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maries as evidence, the Data Analysis agent de-
composes the simulator into interpretable building
blocks. It specifies (i) the agent unit of simula-
tion (e.g., one resident per observed user), (ii) the
state representation and update dynamics consistent
with observed trajectories, (iii) the interaction chan-
nels that are supported (or deliberately excluded)
by the data, and (iv) exogenous signals derivable
from timestamps or known covariates. Crucially,
this decomposition is not merely descriptive: it de-
termines what the downstream code generator is
allowed to implement and what must be treated as
designed assumptions versus data-derived facts.

C.4 Calibration-Ready Parameterization

Beyond qualitative design, the Blueprint is con-
structed to be calibration-ready. It enumerates
a set of calibratable parameters (global and/or
agent-specific), assigns feasible ranges or struc-
tural constraints, and links them to measurable con-
sequences in the data (e.g., time-of-day profiles,
transition tendencies, spatial jump distributions).
This explicit parameterization enables a numerical
inner-loop calibrator to optimize continuous param-
eters while the outer loop focuses on structural and
policy-level revisions. As a result, the Blueprint en-
forces a principled separation between what should
be tuned and what should be rewritten.

C.5 Evaluation and Holdout as First-Class
Design

A key role of the Blueprint is to make evalua-
tion and data splitting first-class rather than an af-
terthought. The agent specifies a temporally consis-
tent holdout plan to prevent leakage, and defines the
evaluation metrics as distributional comparisons
between simulated and observed behaviors. By
encoding evaluation in the Blueprint, we ensure
that every iteration of simulator synthesis is ac-
countable to quantitative fidelity targets, and that
improvements can be attributed to specific design
or calibration changes.

Summary. In sum, Blueprint synthesis converts
task intent and observational evidence into a struc-
tured simulator design space with explicit con-
straints, calibratable degrees of freedom, and eval-
uation criteria. This transforms simulator construc-
tion from ad hoc code generation into a grounded
scientific modeling workflow, where each down-
stream agent operates under an explicit, evidence-
aligned contract.



C.6 Blueprint Prompt

In this section, we provide the prompt used by the
Data Analysis agent to generate the Blueprint.

Data Analysis Agent Prompt

You are an expert data scientist and simulation
modeler. Your task is to analyze the provided
task description and data summaries to design a
simulation model blueprint for subsequent code
generation.

Overall simulation design: automatically
generate and calibrate the simulator. This
requires defining the classes and functions
within the simulator, as well as how these
classes and functions interact.

TASK DESCRIPTION:
{task_description}

DATA SUMMARIES:
{file_summaries_text}

Based on the provided task description and data
summaries, please analyze the data and provide
guidelines for simulation model construction.

Your analysis must cover:

1. Overall simulation design: State the
primary objective of the simulation.
Specify how the simulation initializes
from inputs. Specify the execution of
the simulation (should involve tuning
parameters through data calibration).
Specify what artifacts it outputs after
execution (should be the calibrated
parameters and the evaluation results on
the validation dataset).

2. Scale & Granularity: Specify time
step, spatial resolution (or explicitly
"non-spatial"), and population size

(agents), with brief rationale.

3. Agent Archetypes: Define the agent unit
and roles; list static attributes and
dynamic states; explain how the input
data construct static attributes and how
dynamic states update from data-derived

signals.

4. Interaction Topology: Describe  how
agents interact; explain how to build
interactions (layers/edges/protocols)

from the input data.

5. Information propagation: Clarify
whether information diffusion exists,
its topology/mechanism, and how to
parameterize/drive it using inputs.

6. Exogenous Signals: Identify any external
signals/interventions, how they are
derived from inputs, and how they affect
agent decisions.

7. Action Decision Policy: Describe actions
taken by agents and the decision policy
mapping observations/signals to actions;
include role-specific inputs and policy
forms.
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8. Holdout: Propose a training / validation

data split plan if needed. For time series,
prefer first 80% of days as train and last
20% as validation; state exact ranges or
the rule to compute them.

Simulation Evaluation: Define evaluation
metrics and how to compare simulator output
artifacts against validation ground truth.

Provide your response in the following JSON
format (valid JSON only, no extra text):

"overall_simulation_design": {
"objective”: "what is this simulation about”,
"initialization"”: {

"description”: "How the simulation starts (states,
seeds, signals)”,

"source_type": "data_derived|designed|mixed|unknown”,

"data_reference”: {"file": "filename”, "fields":
["field_a"], "derivation”: "how derived"}

"execution”: "How to tune parameters through data

calibration”,

"outputs”: ["calibrated_parameters”,

"evaluation_results_on_validation"]

"scale_granularity”: {
"time_step”: {"value": "seconds|minutes|hours|days”,

"source_type":
"data_derived|designed|mixed|unknown”,
"data_reference”: null},

"spatial_resolution”: {"value”:

"non-spatial |grid|POI|road network|other:<...>",
"source_type":
"data_derived|designed|mixed|unknown”,
"data_reference”: null},

"population_size": {"value": "integer or description

tied to data”, "source_type”
"data_derived|designed|mixed|unknown”,
"data_reference”: null},

"rationale”: "Why these scales are appropriate”

"agent_archetypes"”: {
"unit"”: "e.g., simulated_entity|user|household|device"”,
"roles”: [

{
"name”: "role_name_derived_from_task",
"static_attributes”: [
{
"name”: "attr_name",
"type": "int|float|string|enum|vector|other"”
"source_type":
"data_derived|designed|mixed|unknown”,
"data_reference”: {"file": "filename",
"fields”: ["field_name”], "derivation”:
"mapping/aggregation rule”}
3
B[
"dynamic_states”: [
{
"name”: "state_name",
"type"”: "int|float|string|enum|vector|other"”
"update_rule”: "how it updates”,
"source_type":
"data_derived|designed|mixed|unknown”,
"data_reference”: {"file": "filename"”,
"fields": ["field_name”], "derivation”:
"mapping/aggregation rule”}
3
[
"construction_from_data”: "Explain construction; if
designed, explain assumption”,
"update_from_data”: "Explain updates; if designed,
explain assumption”

}

"interaction_topology"”: {
"topology"”: "graph|hybrid|broadcast|platform-level”,
"layers”: [

{

"name”: "layer_name",




"from_role": "role_name”,
"to_role”: "role_name",
"edge_rule”: "how nodes/edges/events are formed”,

"source_type":
"data_derived|designed|mixed|unknown”,

"data_reference”: {"file": "filename”, "fields":
["src_id", "dst_id"], "derivation”: "edge
construction rule”}

3
i
"protocol”: "describe message passing/order among

these roles”
}
"information_propagation”: {
"exists": true,
"topology”: "which roles/channels are used for

diffusion”,
"mechanism”: "how diffusion works"”,
"source_type": "data_derived|designed|mixed|unknown",
"data_reference”: {"file": "filename”, "fields":
["field_name"”], "derivation”: "drive
intensity/schedule”}
}
"exogenous_signals": [
{

"name": "signal_name",

"effect_on_agents”: "how it enters decision
function”,

"bounds”: "[low, high] or rationale”,

"source_type": "data_derived|designed|mixed|unknown",

"data_reference”: {"file": "filename”, "fields":
["field_name"”], "derivation”: "how derived”}

3
[P
"action_decision_policy"”: {
"by_role": [
{
"role”: "role_name_derived_from_task”
"inputs”: [
{
"name”: "obs_or_signal_name"”,
"source_type":
"data_derived|designed|mixed |unknown"”,
"data_reference”: {"file": "filename",
"fields": ["field_name”], "derivation”:
"how computed”}
3
I
"policy_form”: "policy description”,
"parameters”: ["list of per-role parameter names
(if any)"]
3
]
5
"capability_realization”: [
{

"role": "role_name_derived_from_task”

"modes”: ["heuristic_rules”, "tool_calls”,
"11m_calls”],

"11lm_prompt_skeleton”: "If 1lm_calls is used,
provide a high-level prompt template with
placeholders”,

"tool_dependencies”: ["list of tool/data lookup
functions (only cite files/fields when
data-derived)"],

"fallback_strategy”: "what to do if LLM/tool is
unavailable”,

"logging”: "what intermediate results are written
back to shared memory/log"”

3
]

,
"holdout_plan”: {
"method” :
"temporal_holdout|random_split|rolling_backtest”,
"time_ordering”: {
"source_type"”: "data_derived|designed|mixed|unknown",
"data_reference”: {"file": "filename”, "fields":
["time_field"”], "derivation”: "ordering rule”}
¥o
"train_range"”: "rule to compute train set”,
"validation_range”: "rule to compute validation set”,
"notes”: "split notes”
3,
"simulation_evaluation”: {
"metrics”: [

{
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"name”: "metric_name",
"definition”: "how to compute it"”,
"ground_truth”: {
"source_type":
"data_derived|designed|mixed|unknown”,
"data_reference”: {"file": "filename”, "fields":
["target_field"], "derivation"”: "target
extraction”}

}
}
T
"comparison_method”: "how to compute metrics on
validation set and report”
3,
"calibratable_parameters”: [
{
"name”: "parameter_name",
"range_bounds”: "[low, high] or rationale"”,
"source"”: "constrained by data or modeling”,
"notes”: "tie to interaction or decision speed”
}
35

"1lm_and_tool_specs”: {
"1lm_required”: true,
"1lm_calls”: [
{
"name”: "1lm_call_name_derived_from_role"”,
"inputs”: ["list of fields/placeholders to inject"],
"output”: "expected JSON/structured output”

}
35
"tool_wrappers”: [
{
"name”: "tool_function_name”,
"input_type”: "string|object”,
"output_type": "structured_json”
}
]
3
3

Return only valid JSON that can be parsed.
Do not include any other explanation or text
outside the JSON.

Prompt: This is the prompt of the Data Analysis Agent for
generating blueprint 3.

C.7 Blueprint Example

In this section, we provide an illustrative exam-
ple of a complete blueprint generated by the Data
Analysis Agent for the Mob. N— A scenario. This
structured JSON object contains all the necessary
information, from data analysis summaries to sim-
ulation design parameters, required by downstream
agents to construct and execute the simulator.

Blueprint for Mob. N->A

{
"data_analysis_result”: {
"overall_simulation_design": {

"objective"”: "Generate realistic daily mobility
trajectories (ordered sequences of (POI, time)
visits) for urban residents under an
out-of-distribution Normal-to-Abnormal (N2A)
setting: fit baseline behavior using only
2019\u20132020 records, tune/calibrate
abnormal-shift parameters using a 2021
validation split, and report final performance
on a held-out 2021 test split.”,

"initialization”: {

"description”: "Load and parse 1921Y.json into
per-user, per-day sequences; split by year
into normal (2019\u20132020) vs abnormal
(2021). Build POI catalog with lat/lon from
poi_category_192021_longitude_latitude. json
and map fine categories to super-categories




using catto.json. Initialize each Resident
with baseline (normal-period) learned
distributions (time-of-day, chain length,
category/POI transitions, anchor POIs).
Initialize global abnormal-shift parameters
(to be calibrated) that perturb baseline
distributions when simulating 2021.",
"source_type"”: "mixed"”,
"data_reference”": {
"file": "1921Y.json",
"fields": [
"top-level keys (user IDs)”,
"top-level values (daily activity strings
containing dates, locations, times)”

J;

"derivation”: "Parse each string 'Activities at
YYYY-MM-DD: ...' into date and ordered
visits of (Category#POI_ID, HH:MM:SS); year
determines normal (2019\u20132020) vs
abnormal (2021). Join POI lat/lon by
matching POI identifier strings to
poi_category_192021_longitude_latitude.json
entries; map Category -> super-category via
catto.json when available.”

}
Po
"execution”: "1) Fit baseline per-user and global
mobility models on 2019\u20132020 only (e.g.,
distributions over start time, stop count,
inter-visit time gaps, super-category
transitions, POI choice kernels conditioned on
category and distance). 2) Define
abnormal-shift mechanisms with free parameters
(e.g., category-mix reweighting,
increased/decreased mobility radius, increased
infrastructure/transit propensity, time-shift
of activities). 3) Calibrate abnormal-shift
parameters by simulating 2021 validation days
and optimizing an objective over evaluation
metrics (trajectory similarity, distributional
match) against 2021 ground truth. 4) Freeze
baseline + calibrated shift and evaluate on
2021 held-out test split. 5) Online 00D context
window rule: For each 2021 target day,
construct a 7-day context window using only
days strictly earlier than the target day; this
window may include earlier 2021 days and may
backfill from late 2020; never use target-day
or future days.”,
"outputs”: [
"calibrated_parameters”,
"evaluation_results_on_validation”
]
3,
"scale_granularity”: {
"time_step”: {
"value": "minutes”,
"source_type": "mixed"”,
"data_reference”: {

"file”: "1921Y.json”,

"fields”: [

"visit time tokens HH:MM:SS within daily
strings”

T,

"derivation”: "Observed times are
second-resolved; simulator can operate in
minute granularity while outputting
HH:MM:SS by rounding/stochastic seconds
jitter (designed).”

}
3,
"spatial_resolution”: {
"value": "POI",
"source_type": "data_derived”,
"data_reference”: {

"file”: "1921Y.json",

"fields": [

"place tokens formatted Category#POI_ID"

15

"derivation”: "Each visit location is a POI
identifier string (Category#id)."

}
3,
"population_size": {
"value”: "number of unique user IDs in 1921Y.json
(one agent per key)",
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"source_type": "data_derived”,
"data_reference”: {

"file”: "1921Y.json",

"fields": [

"top-level keys"
Iy
"derivation”: "Count keys in the JSON object;
each key defines one resident agent.”

}

},

"rationale”: "Trajectories are day-level sequences
with intra-day timestamps; minute-level
simulation supports feasibility constraints via
travel-time approximations while matching the
dataset\u2019s timestamp structure. POI-level
resolution is required because ground truth
uses Category#POI_ID and POI lat/lon is
available for distance-based plausibility.”

},
"agent_archetypes”: {
"unit”: "resident/user”,
"roles”: [
{
"name”: "Resident”,
"static_attributes”: [
{
"name"”: "resident_id",

"type": "string",
"source_type": "data_derived”,
"data_reference”: {
"file": "1921Y.json",
"fields": [
"top-level key”
15
"derivation”: "Use JSON key as resident_id."
3
}
{
"name"”: "anchor_pois”,
"type": "vector”,
"source_type"”: "mixed"”,
"data_reference”: {
"file”: "1921Y.json",
"fields": [
"daily visit sequences (locations)”
35
"derivation”: "From 2019\u20132020 visits,
compute top-K frequent POIs;
additionally mark any POI whose
category is 'Home' as an anchor when
present (data-derived), otherwise rely
on frequency-only heuristic (designed
fallback)."”

"name”: "baseline_start_time_dist”,
"type": "other”,
"source_type": "data_derived”,
"data_reference”: {
"file": "1921Y.json”
"fields": [
"first timestamp per day"
5
"derivation”: "For each 2019\u20132020 day,
extract first visit time; fit a
distribution per user (e.g.,
histogram/mixture)."

"name"”: "baseline_stop_count_dist"”,
"type": "other”,
"source_type": "data_derived”,
"data_reference”: {
"file”: "1921Y.json",
"fields": [
"number of visits per day”
i
"derivation”: "For each 2019\u20132020 day,
count visits; fit a per-user
distribution.”
3
3,
{

"name”: "baseline_inter_event_time_dist”,




"type": "other",
"source_type": "data_derived”,
"data_reference”: {
"file": "1921Y.json",
"fields": [
"ordered visit times within day”

15
"derivation”: "Compute successive time gaps
within 2019\u20132020 days; fit
distribution (conditioned on
previous/next category optionally).”
3
3,
{
"name”: "baseline_category_transition_model”,
"type"”: "other",
"source_type"”: "mixed"”,

"data_reference”: {
"file": "1921Y.json",
"fields": [
"ordered visit locations (Category#POI_ID)"

iR

"derivation”: "Extract Category from each
location token; optionally map to
super-category via catto.json; fit
Markov transition probabilities with
smoothing at super-category level if
category not found in catto.json.”

}

},
{

"name”: "baseline_poi_choice_model”,

"type": "other”,

"source_type"”: "mixed",

"data_reference”: {

"fields": [
"POI records [lat, lon, 'Category#id']"
1y
"derivation”: "Given chosen category,
choose POI via a combination of (a)
empirical POI popularity from
2019\u20132020 visits (data-derived
from 1921Y.json) and (b)
distance-decay from current POI using
lat/lon (data-derived). Weighting
between (a) and (b) is calibratable
(mixed)."
}
}
T
"dynamic_states”: [
{

"name”: "current_day",

"type": "string”,

"update_rule”: "Advance to next simulation
date; for calibration/evaluation,
simulate only dates in the selected
2021 validation/test split; for
generation, dates are sampled from
target set.”,

"source_type"”: "mixed"”,

"data_reference”: {

"file": "1921Y.json",

"fields": [

"date prefix 'Activities at YYYY-MM-DD'"

1y

"derivation”: "Use available dates to
define candidate simulation days
(data-derived); selecting which days
to simulate per split is designed by
holdout plan.”

}

},
{

"name”: "current_poi”,

"type": "string",

"update_rule”: "Set to the most recently
generated POI in the trajectory
sequence.”,

"source_type": "designed”,

"data_reference”: null

},

{
"name”: "current_time",
"type": "string",
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3,
{

"update_rule”: "Set to generated time-of-day;
increment by sampled inter-event gap
subject to feasibility constraints.”,

"source_type"”: "mixed"”,

"data_reference": {

"file": "1921Y.json",

"fields": [
"HH:MM:SS tokens”
15
"derivation”: "Time-of-day distributions

fit from 2019\u20132020; feasibility
adjustment (e.g., minimum travel time)
is designed using POI distances.”

"name": "daily_plan”,

"type": "vector”,

"update_rule”: "At day start, sample
stop_count, start_time, and a sequence
of activity categories; then
instantiate POIs and times
sequentially.”,

"source_type": "mixed",

"data_reference”: {

"file": "1921Y.json",

"fields": [

"per-day sequences of categories and times”
15
"derivation”: "Plan templates and

distributions learned from normal
data; abnormal adjustments applied via
exogenous shift parameters calibrated
on 2021 validation.”

"name”: "visited_sequence”,
"type": "vector”,
"update_rule”: "Append each generated (POI,
time) as simulation progresses.”,
"source_type"”: "designed”,
"data_reference”: null
3
Ty
"construction_from_data": "Create one Resident
agent per user ID in 1921Y.json. Parse
2019\u20132020 days to estimate baseline
distributions and transition models. Build
POI lookup table from
poi_category_192021_longitude_latitude. json
by indexing on the POI identifier string.
Optionally map fine categories to
super-categories using catto.json for
smoothing and 00D robustness."”,
"update_from_data”: "During
calibration/evaluation, for a given 2021
day the agent generates a trajectory using
baseline models plus abnormal-shift
parameters. No online learning from 2021
ground truth during simulation; only
outer-loop calibration uses 2021 validation
targets to adjust global shift parameters.”

"name”: "CalibrationController”
"static_attributes”: [
{
"name"”: "search_strategy”,
"type”: "enum”,
"source_type": "designed"”,
"data_reference”: null
3,
{
"name": "objective_weights"”,
"type": "vector”,
"source_type": "designed”,
"data_reference”: null
3
B[
"dynamic_states”: [
{
"name": "current_parameter_vector”
"type": "vector”,

"update_rule”: "Update via black-box
optimization (e.g., Bayesian




optimization / evolutionary search /
random search) to minimize validation
loss computed against 2021 validation
set."”,
"source_type": "designed"”,
"data_reference”: null

"name”: "best_parameter_vector”

"type": "vector”,

"update_rule”: "Replace when validation
objective improves."”,

"source_type"”: "designed”,

"data_reference”: null

"name”: "experiment_log",
"type"”: "vector”,
"update_rule”: "Append each trial\u2019s
params, seed, metrics, and artifacts.”,
"source_type": "designed”,
"data_reference”: null
3

I

"construction_from_data": "Controller reads
parsed datasets and defines
train/validation/test partitions per
holdout plan. It does not exist in the raw
data; it is introduced to meet the
requirement of calibrating using 2021
validation while fitting baseline on
2019\u20132020.",

"update_from_data”: "Uses 2021 validation ground
truth from 1921Y.json to compute objective;
updates parameter vector based on
optimization routine.”

3
]
3,
"interaction_topology": {
"topology"”: "platform-level”,

"layers": [
{
"name"”: "calibration_loop”,
"from_role”: "CalibrationController”,
"to_role": "Resident”,
"edge_rule”: "Controller broadcasts a candidate

abnormal-shift parameter vector and
simulation configuration (seed, day
subset); Residents simulate trajectories
for the requested days; outputs are
returned for scoring.”,

"source_type": "designed"”,

"data_reference”: null

"name”: "shared_environment_lookup”,

"from_role": "Resident”,

"to_role"”: "Resident”,

"edge_rule”: "No direct resident-to-resident
influence; all residents share the same POI
catalog, category taxonomy, and global
shift parameters.”,

"source_type": "designed",

"data_reference”: null

}
i
"protocol”: "Per calibration iteration: (1)
Controller selects parameter vector \u@3b8 and
simulation seed(s). (2) For each resident/day
in the calibration subset, residents generate
trajectories using \u@3b8. (3) Controller
computes metrics vs 2021 ground truth and
updates \u@3b8. After tuning, run evaluation on
held-out 2021 test split and report metrics.”
3,
"information_propagation”: {
"exists": false,

"topology”: "none (no explicit social diffusion in
provided data)”,
"mechanism”: "Residents do not exchange messages;

any global changes are modeled via exogenous
abnormal-shift parameters applied uniformly or
stratified by resident clusters (optional,
designed).”,

"source_type"”: "data_derived”,
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"data_reference”: {
"file"”: "1921Y.json",
"fields": [
"user-indexed independent daily trajectories”
15
"derivation”: "Data contains per-user sequences
without any explicit social links or
interactions; therefore diffusion is not
directly supported.”
}
},
"exogenous_signals”: [
{
"name”: "abnormal_period_shift”,
"effect_on_agents”: "Applies when simulating dates
in 2021: reweights category/super-category
choice, modifies stop-count distribution,
shifts start times, adjusts
travel-radius/distance-decay, and adjusts
propensity to include infrastructure
categories (e.g., Toll Booth/Tunnel/Rest
Area/Platform) as intermediate stops.”,
"bounds”: "Calibration bounds set to reasonable
multiplicative/shift ranges around baseline
(e.g., category weight multipliers in [@.25,
4], time shifts in [-120,+120] minutes,
distance-decay scale multipliers in [@.5,
2:51) 7
"source_type"”: "mixed"”,
"data_reference”: {
"file": "1921Y.json",
"fields": [
"2021 daily trajectories (locations and times)”
Iy
"derivation”: "Signal is designed as a
parameterized mechanism; its parameters are
calibrated to match distributional
properties of 2021 trajectories.”

"name”: "day_type_proxy",

"effect_on_agents”: "Optional: adjust schedule
templates for weekday/weekend using only
date-derived heuristics; used to condition
start time and stop-count distributions.”,

"bounds”: "Binary {weekday, weekend} inferred from
date; if timezone/calendar assumptions
required, treat as heuristic with standard
Gregorian calendar.”,

"source_type": "designed”,

"data_reference”: null

}
T
"action_decision_policy”: {
"by_role": [
{
"role”: "Resident”,
"inputs”: [
{
"name"”: "baseline_distributions_models"”,
"source_type"”: "data_derived”,
"data_reference”: {
"file": "1921Y.json",
"fields": [
"2019\u20132020 parsed daily sequences”

15
"derivation”: "Fit per-user and global
models from normal period only."
3
h
{
"name"”: "poi_catalog_with_latlon”,
"source_type": "data_derived”,
"data_reference”: {
"file": "poi_category_192021_
longitude_latitude. json",
"fields": [
"category -> list of [lat, lon, poi_id]”
15
"derivation”: "Index POIs by poi_id and by
category; compute distances as needed.”
3
3,
{

"name": "category_to_supercategory_map”




"source_type": "data_derived”,
"data_reference”: {
"file": "catto.json",
"fields": [
"category -> super-category”
Iy
"derivation”: "Lookup for each fine

category; if missing, treat
super-category as 'Unknown' (designed

fallback)."”

}

3,

{
"name”: "abnormal_period_shift_parameters”,
"source_type": "designed”,
"data_reference”: null

3

{
"name”: "current_state (current_poi,

current_time, visited_sequence)”,

"source_type": "designed”,
"data_reference”: null

3

I

"policy_form”: "Hierarchical generative policy
per day: (1) Sample start time and stop
count from baseline distributions perturbed
by abnormal shift (if 2021). (2) Sample a
sequence of activity categories using a
Markov model (category or super-category)
with optional time-of-day conditioning and
abnormal reweighting. (3) For each
category, sample a concrete POI using a
mixture of (a) personal historical
preference (2019\u20132020 POI visit
frequency) and (b) spatial distance-decay
from current POI using lat/lon; optionally
enforce feasibility by ensuring time gaps
exceed a minimum travel-time proxy derived
from distance. (4) Output ordered (POI,
time) visits.”,

"parameters”: [
"theta_cat_weight_multiplier_by_supercategory”,
"theta_stop_count_multiplier”
"theta_start_time_shift_minutes”,
"theta_distance_decay_scale”,
"theta_preference_vs_distance_mixture”,
"theta_infrastructure_stop_bonus”

]

Yo
{
"role": "CalibrationController”
"inputs”: [
{
"name”: "simulated_trajectories”,
"source_type": "designed”,
"data_reference”: null
},
{
"name”: "validation_ground_truth_2021",
"source_type": "data_derived”,
"data_reference”: {
"file": "1921Y.json",
"fields": [
"2021 daily activity strings”
1y
"derivation”: "Parse 2021 dates/visits for
validation subset.”
3
}

"policy_form”: "Outer-loop calibration policy:
propose \u@3b8, run simulation on 2021
validation subset, compute objective from
metrics, update \u@3b8 using selected
black-box optimization strategy.”,

"parameters”: [

"optimizer_hyperparams”,
"metric_weights"”
]
3}
]
U5
"holdout_plan”: {
"method”: "temporal_holdout”,
"time_ordering”: {
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"source_type": "data_derived”,
"data_reference”: {

"file”: "1921Y.json",

"fields": [

"date token in each daily record string:
'Activities at YYYY-MM-DD'"

1y

"derivation”: "Parse YYYY-MM-DD and sort
chronologically; year used for regime
split.”

}

},

"train_range"”: "Fit baseline only on dates with year
in {2019, 2020}. Within 2021, do not use for
baseline fitting.",

"validation_range"”: "Within 2021 dates, use first
80% of dates in chronological order as
validation for abnormal-shift calibration (per
user or globally; implement globally by date
ordering). (FIXED SPLIT RULE: per-user-by-date
only) For each resident independently, sort
that resident's 2021 day-records by date
ascending; assign the first 80% of that
resident's 2021 records to V_calib and the last
20% to V_test (deterministic, no global
mixing). If a resident has fewer than 5 total
2021 records, exclude that resident entirely
from calibration/test with explicit logging
(default), or assign all their 2021 records to
V_test only (allowed fallback) \u2014 but never
include them in V_calib."”,

"notes”: "Final test is the remaining last 20% of
2021 dates chronologically. If some users have
sparse 2021 records, apply the 80/20 rule
per-user to preserve personalization (designed
choice); record which approach is used. Split
strategy is fixed to per-user-by-date as
specified above; do not use global-by-date
splitting.”

},
"simulation_evaluation”: {
"metrics”: [
{

"name”: "stop_count_mae",

"definition”: "Mean absolute error between
simulated and ground-truth number of visits
per (user, day).",

"ground_truth”: {

"source_type": "data_derived”,
"data_reference”: {

"file": "1921Y.json",

"fields": [

"parsed 2021 daily visit sequences”
Iy
"derivation”: "Count visits in each 2021 day
string.”

3
},
{

"name”: "category_mix_jsd",

"definition”: "Jensen-Shannon divergence between
simulated vs ground-truth distributions of
fine categories (or super-categories)
aggregated over the validation set.”,

"ground_truth”: {

"source_type"”: "mixed"”,
"data_reference”: {
"file": "1921Y.json",
"fields": [
"Category#POI_ID tokens in 2021 days”
15
"derivation”: "Extract Category from tokens;
optionally map to super-category via
catto. json when computing
super-category mix."

3
3,
{

"name”: "time_of_day_emd"”,

"definition”: "Earth Mover's Distance between
simulated vs ground-truth distributions of
visit times (e.g., histogram over
minutes-of-day) aggregated over validation

set.”,




"ground_truth”: {
"source_type": "data_derived”,
"data_reference”: {
"file”: "1921Y.json",
"fields": [
"HH:MM:SS tokens in 2021 days”
1y
"derivation”: "Convert to minutes-of-day;
build histogram.”

3
3
{

"name"”: "poi_topk_recall”

"definition”: "For each (user, day): compute
recall@K of ground-truth POIs appearing in
the simulated day (set-based), average
across days. K is fixed (e.g., 5 or length
of simulated sequence, designed)."”,

"ground_truth”: {

"source_type": "data_derived”,
"data_reference”: {

"file”: "1921Y.json",

"fields": [

"POI identifier tokens Category#POI_ID in
2021 days”
15
"derivation”: "Extract POI identifier strings
from parsed visits."”

}
}
{
"name"”: "radius_of_gyration_error”,
"definition”: "Absolute/relative error between
simulated and ground-truth daily radius of
gyration computed from POI coordinates
(requires POI lat/lon).",
"ground_truth”: {
"source_type": "mixed"”,
"data_reference”: {
"file": "poi_category_192021_
longitude_latitude. json",
"fields": [
"POI records [lat, lon, poi_id]"
15
"derivation”: "Join 2021 visited POIs to
coordinates; compute radius of gyration
per day; handle missing POIs by
excluding those visits (designed
missingness handling)."”

}
}
35
"comparison_method”: "Compute metrics on the 2021
validation split for each calibration trial;
select theta minimizing a weighted sum of
metrics (objective). After calibration, compute
the same metrics on the 2021 test split and
report. Hard constraint: best_params selection
and early stopping must use ONLY V_calib;
V_test must be evaluated exactly once after
selection and must not affect any choice (no
tuning, no re-selection, no peeking).”
3,
"calibratable_parameters”: [
{
"name" :
"theta_cat_weight_multiplier_by_supercategory”,
"range_bounds": "Multipliers per super-category in
[0.25, 4.0]",
"source”: "constrained by modeling”,
"notes”: "Reweights baseline
category/super-category selection in 2021 to
match abnormal mix."”

"name": "theta_stop_count_multiplier”
"range_bounds”: "[0.5, 1.8]",
"source”: "constrained by modeling”,
"notes”: "Scales expected number of daily stops in
2021 vs baseline.”
Po
{

"name": "theta_start_time_shift_minutes”,

26

"range_bounds”: "[-120, 120]",

"source": "constrained by modeling”,

"notes”: "Shifts start-time distribution in 2021."
1
{

"name”: "theta_distance_decay_scale"”,

"range_bounds”: "[@.5, 2.5]",

"source”: "constrained by modeling”,

"notes”: "Controls travel radius by scaling
distance sensitivity in POI choice.”

3,
{

"name”: "theta_preference_vs_distance_mixture"”,

"range_bounds”: "[0.0, 1.0]",

"source": "constrained by modeling”,

"notes”: "Mixture weight: 1.0=personal preference
only; @.0=distance-only within category.”

1
{

"name”: "theta_infrastructure_stop_bonus”,

"range_bounds”: "[@.0, 3.0]",

"source”: "constrained by modeling”,

"notes”: "Boosts probability of selecting
travel/infrastructure-like categories as
intermediate stops in 2021."

}
]
3

This is the blueprint example of the Mob. N—A task.
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