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Abstract

Social norms are stable behavioral patterns that emerge endoge-
nously within economic systems through repeated interactions
among agents. In online market economies, such norms—like fair
exposure, sustained participation, and balanced reinvestment—are
critical for long-term stability. We aim to understand the causal
mechanisms driving these emergent norms and to design principled
interventions that can steer them toward desired outcomes. This is
challenging because norms arise from countless micro-level inter-
actions that aggregate into macro-level regularities, making causal
attribution and policy transferability difficult. To address this, we
propose Invariant Causal Routing (ICR), a causal governance
framework that identifies policy—norm relations stable across het-
erogeneous environments. ICR integrates counterfactual reasoning
with invariant causal discovery to separate genuine causal effects
from spurious correlations and to construct interpretable, auditable
policy rules that remain effective under distribution shift. In het-
erogeneous agent simulations calibrated with real data, ICR yields
more stable norms, smaller generalization gaps, and more concise
rules than correlation or coverage baselines, demonstrating that
causal invariance offers a principled and interpretable foundation
for governance.

CCS Concepts

« Social and professional topics — Governmental regulations; «
Applied computing — Online shopping; - Computing method-
ologies — Simulation evaluation; Multi-agent planning.
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1 Introduction

Social norms are commonly defined as stable patterns of behavior
that emerge within groups through repeated interactions. They
delineate acceptable individual actions while sustaining social order
and cooperation at the collective level [8, 16]. Their binding force
rests on mutual expectations: individuals comply because they
anticipate others will do the same [29]. A defining property of norms
is therefore their stability—they persist over long time horizons,
withstand environmental shocks, and display consistent adherence
across groups and contexts. We focus on understanding how social
norms arise in economic systems and how governance actors can
intentionally steer the formation of social norms toward desirable
collective outcomes.

However, the formation of social norms in large-scale adaptive
systems is far from transparent. Countless local interactions ag-
gregate into macro-level regularities [29], making it difficult to
attribute outcomes to specific actions or interventions. This opacity
becomes critical when the governance actor (the online market)
seeks to steer norm formation through intervention. Governance
rarely dictates behavior directly; instead, it shapes structural condi-
tions—such as subsidies, fee rates, and exposure or pricing rules—to
elicit self-organized responses that crystallize into collective norms.
However, interventions often yield divergent results, effective in
one context yet ineffective in another, because outcomes depend
less on implementation quality than on behavioral cues and con-
founders including visibility, sanction, reciprocity, and imitation.

These difficulties highlight several research challenges. First,
norms emerge from decentralized interactions, making causal re-
sponsibility opaque. Second, interventions face multistability and


https://doi.org/10.1145/nnnnnnn.nnnnnnn
https://doi.org/10.1145/nnnnnnn.nnnnnnn

Conference’17, July 2017, Washington, DC, USA

Social Norms

Enter band A social norm

is a target range
over group
statistics.

Eventually stay

Statistics

Time Step

Emergence

Online Tradin
o Statlstlcs
Y . (1_;> . Py Transaction (ST)
L) Revenue/
Investment RI)

Resource: Low Mid (050 High
Users

Platfrom

BAL

Policy

Online Platform Economics

Figure 1: Social norms in onlineeconomies.

path dependence, as identical policies may lead to divergent equi-
libria under different initial conditions. Third, heterogeneity and
asymmetry in populations amplify disparities: the same cue may
elicit different reactions across groups, and uneven visibility or
sanctioning further skews outcomes. Finally, even when structural
relations remain intact, distributional shifts in confounders or ex-
ogenous variables distort correlations, weaken extrapolation, and
raise the cost of trial-and-error.

Existing research has primarily emphasized natural emergence
or aggregate outcomes in multi-agent coordination, focusing on
what works “on average” However, such approaches do not address
the governance-relevant question: why does a given intervention
succeed in one context but fail in another? If distributional drift is the
root cause, the remedy lies not in increasingly complex correlational
modeling but in uncovering causal structures invariant across
environments.

This paper advances the claim that governance should prioritize
identifying invariant causal factors that determine success or fail-
ure under distributional shift, rather than comparing surface-level
strategies. To this end, we adopt causal invariance as a guiding
principle and employ the Probability of Necessity and Suffi-
ciency (PNS) to provide counterfactual evidence. PNS formalizes
success as occurring if and only if a given intervention is applied,
thereby enabling the identification of invariant causal routes
that remain effective across initial conditions, perturbations, and
random seeds. Compared with correlation-based heuristics, PNS
yields stronger out-of-distribution robustness and interpretability.

We define norm achievement as a threshold event where key

macro statistics (e.g., revenue-to-investment and subsidy-to-transaction

ratios) enter and persist within a target range, capturing long-term
stability while tolerating short-term fluctuations. To operationalize
this idea, we introduce a three stage causal framework that (i) iden-
tifies policies effective only when applied, revealing those invariant
across environments; (ii) compiles them into a concise rule table
of the form “if context i, then apply intervention 6, emphasizing
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robustness and minimal redundancy; and (iii) traces the causal path-
way from governance actions to fundamental factors and eventual
norm achievement, providing interpretable explanations.

We validate this framework in an online marketplace with hetero-
geneous users, where subsidies and exposure policies vary while
user strategies remain fixed. Norm achievement is assessed by
whether macro statistics enter and persist within the target range,
allowing direct evaluation of governance effectiveness.

This paper advances a causal perspective on governance by
moving beyond average-effect optimization toward discovering
invariant causal relations that determine policy success under dis-
tributional shifts. Our main contributions are:

(1) Algorithmic Innovation - Invariant Causal Routing
(ICR). We propose a novel three-stage framework that inte-
grates causal inference and rule-based policy learning. ICR
identifies causal routes—policy-to-norm relations that remain
valid across heterogeneous environments—and formulates
them into a minimal, auditable rule list.

Interpretability and Causal Accountability. Grounded
in the Probability of Necessity and Sufficiency (PNS), ICR
provides transparent causal guarantees, distinguishing gen-
uine policy effects from confounded correlations and offering
human-readable explanations of causal mechanisms.
Empirical Validation under Distribution Shift. Through
heterogeneous-agent simulations calibrated with real-world
data, ICR maintains stable norm attainment under out-of-
distribution conditions, achieving smaller generalization
gaps and higher robustness than correlation-based and heuris-
tic baselines.

—~
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Together, these contributions show that causal invariance of-
fers a principled basis for designing stable, interpretable, and trans-
ferable governance strategies in complex socio-economic systems.

2 Related Work

The related literature spans three complementary strands.

Social Norms. Research on social norms examines their spon-
taneous emergence without central control, explained through
expectation-compliance frameworks [8], stochastic evolutionary
games [50, 51], and multi-agent social laws [43, 44]. Social psychol-
ogy and experimental economics study their definition, mainte-
nance, and measurement [7, 20, 27, 33], while recent LLM-based
work shows that linguistic interaction can itself yield conventions
and biases [12, 19]. Yet prior studies lack (i) operational criteria for
detecting norm formation in long-term data and (ii) causal tools
linking interventions to macro norms [8, 11, 12, 20, 27, 33, 41, 42, 52].
We define norm attainment as system-level indicators stabilizing
within a tolerance band, enabling causal analysis along the chain
intervention — micro responses — macro norms.

From Correlational to Causal Policy Governance. Conventional
policy evaluation relies on correlations with limited causal inter-
pretability. A/B testing and observational designs estimate average
treatment effects [3, 13], while offline estimators such as propensity
scores, IPW, and DR [14, 37], and macro designs like difference-
in-differences or synthetic control [1], struggle with heterogene-
ity [4, 23, 28, 34, 48] and distribution shifts [6, 22, 35]. They often
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yield broad rather than context-specific insights [5, 13], while offline
evaluation faces bias—variance and robustness challenges [24, 46].
Deep RL, bandit, and learning-to-rank methods improve short-term
outcomes [15, 25, 40, 45] but remain opaque and hard to audit [39].
Bridging interpretability, stability, and causal validity thus remains
an open challenge.

OOD Prediction and PNS. PNS formalizes the causal responsi-
bility of an intervention in potential-outcome terms. Given treat-
ment A € {0, 1} and potential outcomes Y(A), PNS = Pr{Y(1) =
1, Y(0) = 0} measures the probability that an event occurs only
under treatment [34, 47]. Causal approaches to out-of-distribution
(OOD) generalization assume domain-invariant mechanisms. Some
explicitly constrain causal graphs [17, 21, 32, 36, 38, 53], while oth-
ers treat invariance as a representation-learning objective, such
as IRM and its extensions in game-theoretic, variance-penalized,
and nonlinear settings [2, 18, 27, 30]. Unlike these constraints, PNS-
based invariant learning [49] integrates PNS directly into training,
minimizing necessity-sufficiency mismatch via paired counterfac-
tuals to yield representations that are both causally decisive and
stable across domains.

3 Preliminaries and Problem Formulation

3.1 Social Norms in Online Market

Social norms are stable, self-enforcing behavioral regularities that
emerge endogenously through repeated interactions among hetero-
geneous agents. In online market economies, such norms manifest
as persistent collective patterns—fair exposure, sustained par-
ticipation, or balanced reinvestment—rather than externally
imposed rules. They are characterized not by precise equilibria,
but by long-run bands of system-level indicators (e.g., exposure
share, activity level, reinvestment ratio) that remain within toler-
ance ranges over time.

In this work, we treat social norm formation as a measurable,
long-term event: a system achieves a norm when its trajectory
statistics enter and persist within a specified tolerance band. This
operationalization allows for direct causal analysis and accommo-
dates short-term fluctuations.

Formally, let ¢ : X — R denote bounded continuous statistics
(e.g., group-wise Revenue/Investment ratio or Subsidy/Transaction
ratio). After a burn-in period Ty, the window-T average is:

1 Tourn+T
dr=g ), #X) m
t=Thum+1

where ¢(X;) captures d-dimensional group metrics at time ¢.

Definition 3.1 (Social Norm Band). Given a target vector 5 € R?
and tolerance ¢ € (0, )<, the social norm band is

d
Sg=l_[[77j—€j, nj + &l @
j=1

A run under policy 0 attains the norm if there exists Ty < co such
that g7 € S, for all T>T;.

Definition 3.2 (Social norm attainment). Under platform strategy
0, a run attains a social norm if

ATy <o YVT2Ty: ¢reS.. (3)
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In other words, the time-averaged statistics eventually stay within
the band, and exact convergence to a single point is unnecessary.

Distance convention. We use the sup norm [|v]|cc = max; |v;] on
R? and the induced distance to a set:

diste (x,S) = inf ||x — ylleo. )
yes

For the rectangular band S, = ﬂ;l:l [n; —€j,n; + €;], this reduces
to

disteo (x, S;) = 121]?<’<d{max{('71—€j)—xj, xj=(nj +¢)), 0}}- ®)

Existence of feasible limits. Under mild and standard assumptions
(compactness and Feller continuity), Lemma B.1 (App. B) ensures
the set of invariant measures 7 (P(?)) is nonempty and compact.
Consequently, the asymptotic signature set

(P9 ¢) ={/¢dn;neJ(P<9>)} c R4 (6)

is nonempty and compact, and every subsequential limit of ($1)
lies in (P?), ¢) by Theorem C.4 (App. C). Thus, ¥ organizes the
feasible long-run profiles of (¢r).

PROPOSITION 3.3 (NORM FEASIBILITY CRITERION). If2(P(?) ¢)Nn
S, # @, the social norm is feasible, meaning there exists a stationary
regime whose averages satisfy the band. Conversely, if S(P(9), ¢) N
S, = @, then there exists a constant § > 0 such that

li;n inf diste, (ggT Sg) > 38 almost surely. (7)

That is, stable attainment is impossible if all invariant averages lie
outside the band.

The existence result makes the event well-posed; feasibility de-
pends on whether the band intersects %(P(?), $). We do not require
$r to converge to a single limit—“eventual stay” suffices. Further
discussion on convergence and ergodicity appears in App. D.

3.2 System Setup and Dynamics

We consider a platform ecosystem comprising a platform and mul-
tiple heterogeneous user groups that repeatedly interact over time.
The platform follows a fixed objective 0 € ® and influences user
behavior through policy levers such as subsidies, fee rates, and
exposure thresholds. The joint state of the system evolves as a
homogeneous Markov chain:

Xedsoo Xew1 ~PO([X0), (®)

on a compact state space X. Each 6 corresponds to a distinct gover-
nance regime—e.g., GMV growth (GMV), fairness (FAI), balanced
growth—-fairness (BAL), or user welfare/retention (UW)—with a
normal-intervention (NI) baseline as reference.

3.3 Problem Definition

The governance objective is to identify causal mappings from
platform policies 0 to long-run social-norm outcomes and deter-
mine which mappings remain invariant across heterogeneous envi-
ronments or distributional shifts. This reframes governance from
average-effect optimization to causal invariance—discovering factors
and routes that consistently cause norm attainment regardless of
confounders. We therefore investigate three key research questions:
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Figure 2: Three-stage framework for discovering causal strategies in social norm formation. Stage I tests causal effects by
identifying implicit contracts (6,9 | ) where policy 6 enables group g to reach the norm under context . Stage II learns a
compact rule router S* selecting effective strategies for robust norm attainment. Stage III explains success by attributing norms

to key factors where user responses differ from the baseline 6,.

(1) RQ1 (What: causal impact). How do different platform
objectives causally influence the emergence and stabilization
of social norms across user groups?

(2) RQ2 (How: invariant causal routing). Under changing
or out-of-distribution (OOD) conditions, what is the shortest
and most stable routing policy—a compact mapping from
context to action—that maintains consistent causal effects
on norm attainment?

(3) RQ3 (Why: causes of norm divergence). What underly-
ing mechanisms and structural factors explain why different
groups or contexts evolve toward distinct social norms, and
which are necessary or sufficient for these divergences?

4 Method: Three-Stage Causal Governance

We propose a three-stage causal governance framework addressing
RQ1-RQ3: Stage (I) Causal identification estimates probabilistic
necessity—sufficiency (PNS) to test whether a strategy 6 causes a
group ¢ to attain its norm band under context . Stage (II) Invari-
ant causal routing learns a minimal first-match rule list mapping
contexts to actions, maximizing norm attainment under distribu-
tion shift while ensuring causal stability. Stage (IIT) Key factors
attribution contrasts  with its baseline to reveal structural and
behavioral factors that drive norm stabilization or divergence.

4.1 Stage I: Causal Identification via PNS

We define when a platform strategy 6 is causally responsible for a
group g meeting its target band, relative to a baseline 6, through
the Probability of Necessity and Sufficiency (PNS).

Definition 4.1 (Potential Outcome and PNS). Let Y, (0) = B9 () e
{0, 1} denote the potential outcome for group g under intervention
0, where B9 () = 1 indicates the group meets the target band.
Following Pearl’s counterfactual framework [34], for a context

predicate ¢ on the initial state, the Probability of Necessity and Suf-
ficiency (PNS) is the probability that replacing the baseline strategy
0o with 6 enables group g to enter the norm band.

PNS,(0 | ) =Pr (Yy(0) = 1,Y,(6y) =0 |y =1). 9)
This probability captures both the necessity (group does not meet
the target under 6,) and sufficiency (group meets the target under
0) of the platform strategy.

PNS Identification. We estimate PNS using paired runs on the
same seed. No additional exogeneity or monotonicity assumptions
are needed due to the paired design. We test whether a strategy 0
is causally responsible for enabling group g to attain its social-norm
band under a given context .

Estimation. Because both potential outcomes are observed under
paired runs, PNS is point-identified by the unbiased estimator

PNS,(019)=— > 1{Y%e(0) =1, Y (6) =0}, (10)
V ey (Xe)=1
where Ny, is the number of seeds with 1(X,) = 1. Confidence
intervals see App. E.
Definition 4.2 (Implicit Contract). Given thresholds nuyin € N and
Tpns € [0,1], we call (6, g | ) an implicit contract if it satisfies both:

(support) Ny > nmin, (11)
(accountability) ITI\TSQ(Q [¥) = Tpnss (12)

i.e., the clause has sufficient support across initial conditions and
its PNS confidence exceeds the target level.

Interpretation. An implicit contract is a reliable “if-then” promise
in the social-norm sense: if the context i holds for an initial condition,
then applying 0 is causally sufficient to bring group g into norm
compliance, whereas baseline behavior would fail.
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Outcome. Stage I thus yields a sound pool of implicit contracts
(0,9 | ¥) that satisfy both support and accountability, forming the
candidate set for Stage I

4.2 Stage II: Minimal Causal Rule Routing

From Stage I we obtain a set of implicit contracts (6,g | ) with
certified PNS. We assemble them into a compact, ordered decision
list:

S=[r=060), (2= 02), ....(%Ys = 5], (13)

which applies the first matching rule to an episode with context
Xo; otherwise we fall back to 6.

Covering diverse initial conditions (bucketed scoring). To explicitly
expand coverage over heterogeneous initial conditions, we partition
the initial contexts into buckets 8 = {b} (e.g., by quantiles or
clustering on X;) with empirical weights w;,. For each candidate
rule i we compute its bucketed marginal coverage m;, (the fraction
of bucket-b episodes newly covered under first-match order) and
its certified causal gain PNS,; , per group g within bucket b. This
favors rules that both reach new initial-condition mass and deliver
certified gains where they apply.

Objective. We maximize a bucketed objective that rewards union
coverage of initial conditions and penalizes unnecessary length:

S|

JS) =Y wy i () wyPNSi) = AISL - (19)

beB i=1 4

Here m;};, accounts for first-match semantics (only new coverage
counts), ensuring the list grows coverage across buckets rather than
overfitting a few.

Learning: bucketed greedy + prune. We learn a short first-match
rule list on validation environments as follows: (i) rank candidates
by 3.5 wy PNS ;; (ii) iteratively add the rule with the largest buck-
eted marginal improvement in J(S)—only not-yet-covered contexts
count—and enforce a coverage safeguard minj, Covy,(S) > 7eoy; (iil)
run a backward prune that removes any rule whose deletion reduces
J by at most Tyryne. The resulting S* covers diverse initial-condition
buckets with few rules; we then evaluate S* on held-out test seeds.
See Algorithm 1.

Outcome. Stage Il yields a parsimonious router S* with invariant
causal effects. With PNS-filtered clauses and stable rule gains across
buckets, S* generalizes reliably under distribution shift.

4.3 Stage III: Key Factors Attribution

Having identified effective contracts and assembled a rule router, we
now seek to explain why certain strategies succeed while others fail
under the same initial conditions. Stage III isolates the mechanism
factors that differ when the PNS event—success under 0 but failure
under 6y—occurs.

Matched comparison. For an implicit contract (6, g | /), we focus
on the same set of episodes satisfying /(X,) = 1, representing
comparable starting conditions for group g. Within this matched
set, we contrast the system’s internal responses under the target
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Algorithm 1 LEARNROUTER (Greedy + Buckets + Prune)

Require: Candidates C = { (¢, 0) }; splits train/val/test; buckets B with
weights wp; penalty A; coverage threshold 7coy; prune tol. Tprune; max
rules K

Ensure: Ordered router S

1: S « [ ];for b € B: Cov[b] « 0 (first-match covered set)
2: while |S| < K do
3:  foreachc e C\Sdo

4: ncov[c] « >, wp - NewCov(c, b, Cov[b]; train)
5 gain[c] « X3 wp - Gain(c, b;val)

6: score[c] « ncov[c] - gain[c] — A

7:  end for

8:  ¢* « argmax, score[c];

9:  if score[c*] < 0 then

10: break

11:  endif

12:  append c* to S; update all Cov[b]
13: if ming BucketCov (S, b;val) < 7.y then

14: add best remaining rule that raises uncovered-bucket coverage
with positive score
15:  endif

16: end while
17: for each rule r in S from last to first do
18:  if Val(S\ {r};val) > Val(S;val) — Tprune then

19: remove r
20:  endif

21: end for

22:

23: return S

and baseline policies. Formally, for each lever factor f,

0 0
S = @)y (X =1} S = {fileb0) : Y(X) =1).
(15)
This captures how the same initial state evolves differently under
alternative interventions.

Distributional divergence. We quantify the induced change on
each factor using a normalized distance metric

Dy = Dist(s\”, 5™, (16)

where Dist can be Wasserstein-1. The metric, normalization, and
estimation details are provided in App. G.2.

Identifying key factors. A factor f; is deemed key if (i) Dg > Ogist,
and (ii) the difference is statistically significant under the test and
correction procedures described in App. G.2. These factors represent
the levers through which 6 causally alters user or platform behavior
relative to 6.

Outcome. Stage III yields ranked key factors that separate suc-
cessful from failed interventions under identical conditions, offer-
ing interpretable causal levers for understanding and transferring
social-norm formation.

5 Experiments

We evaluate the proposed three-stage causal governance framework
in a simulated online marketplace ecosystem calibrated with real-
world data from the 2022 Survey of Consumer Finances (SCF) [10]. To
address RQ 1, we estimate PNS via twin-world pairing to quantify
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the causal impact of platform interventions on norm attainment.
For RQ 2, we learn a minimal first-match router S* that generalizes
across seeds and initial economic regimes, verifying causal invari-
ance under distribution shift. For RQ 3, we perform mechanism
attribution by contrasting endogenous platform levers and user
responses across causal routes to reveal why certain interventions
induce or fail to sustain stable social norms.

5.1 Experimental Setup

Platform Intervention Goals. We consider five operational ob-
jectives for the online market: (NI) a fixed normal-intervention
baseline; (GMV) maximizing transactions or gross merchandise
volume growth; (FAI) improving exposure fairness to ensure equal
opportunity across user groups; (BAL) pursuing a balanced objec-
tive combining GMV growth and fairness; and (UW) maximizing
long-run ecosystem welfare and user retention.

Agent Heterogeneity. The ecosystem comprises a platform agent
and multiple user agents. The platform adjusts subsidies, fee/take-
rate tiers, exposure thresholds, and off-transaction spending, while
users choose their investment share and activity level. Users are
grouped by resources (low, mid, high), forming four distinct behav-
ioral strategies within the system.

Initial Conditions. To cover diverse regimes, we evaluate five
initial configurations (IC1-IC5): baseline equilibrium, conservative,
aggressive, balanced-liquidity, and robust-inequality economies
(parameters in App. F).

Seed Shift as OOD. Unless otherwise noted, the structural equa-
tions and noise distribution are fixed across runs. Different random
seeds are treated as a weak out-of-distribution (OOD) shift in the
realization of exogenous noise and initial conditions, following
Xi+1 = fo(Xy, &) with & ~ P(&). Training, validation, and test sets
use disjoint seeds, while twin-world comparisons share the same
noise realization within each seed e for (0, 6;).

Target Social Norms. We evaluate four social norms defined by
two aggregate ratios: Subsidy/Transaction (ST) and Revenue/Investment
(RI). For ST, ST-1 represents low subsidy intensity where users
rely mainly on organic traffic (laissez-faire), and ST-2 denotes a
regressive pattern—higher subsidies for low-resource users and
lower for high-resource ones—stabilizing early growth but risking
over-correction. For RI, RI-1 indicates upward mobility, where low-
resource users achieve higher ROI than incumbents, while RI-2
captures concentration or entrenchment, where top users com-
pound advantage and newcomers struggle to accumulate. Precise
social norm band ranges are given in App. F.

Training Methodology. Agents are trained with MADDPG in
a continuous, interdependent multi-agent environment with be-
haviors (investment/effort) and dynamic platform levers (subsi-
dies/fees/exposure). Detailed hyperparameters are in App. G.

Evaluation Statistics. We measure norm emergence using two tra-
jectory statistics ¢;(X;): ¢1 (Subsidy-to-Transaction ratio, ST) cap-
turing platform subsidy intensity, and ¢, (Revenue-to-Investment
ratio, RI) as a group-wise ROI proxy. After burn-in, we compute the
window average ¢; T over the last T=50 steps (one step = one year).
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Ablation Study Baselines. We train routers on train seeds and
evaluate on disjoint test seeds across IC1-IC5; seed splits and
baseline configurations are in App. G.1. Our baselines:

e PNS+Greedy: Stage I supplies PNS-certified clauses; rank
candidates by mean target-conjunction PNS on train, add
rules greedily, and stop when the validation objective J(S)
has no further strict improvement (i.e., AJ < €imp). The score
includes a length penalty Ajep.

o PNS+Greedy (pruned): same selection, followed by Ly-style
pruning using the same J(S); remove a rule if the decrease
is at most Tprupe.

e Corr+Greedy (Pearson): replace PNS with the Pearson cor-
relation r (treatment vs. target-band attainment) for ranking;
otherwise identical to the greedy procedure.

e Corr+Greedy (Pearson, pruned): correlation-based greedy
selection with the same Ly pruning.

e Coverage-Driven: rank by unconditional target-band cov-
erage on treated episodes (ignoring baseline failure); favors
breadth over causal guarantees.

e Coverage+Corr Hybrid: rank by a Cov + (1 — a) 7, with
the same greedy and pruning steps.

¢ Majority Router: for each (6, norm), choose the single
task that wins the most paired episodes on train; output
one unconditional rule (targets=ALL).

e Random Router: uniformly random permutation of candi-
date tasks with a fixed RNG seed s (default s in App. G.2); a
weak, non-causal baseline.

Metrics. PNStarget (Train/Test): measures causal band entry for
the target group(s) after switching policy—originally out of band,
now in band. Coverage (Train/Test): plain hit rate under the current
distribution—what fraction are in band now under ; ignores where
they would be under 6. No counterfactuals. Rules |: number of
clauses in the learned first-match router (smaller is better). Gen.
Gap |: train-test drop in causal effectiveness,

Gap = PNS{, — PNST .. (17)

Perf. T: overall test score that rewards causal effectiveness and
basic attainability while penalizing overfitting and complexity,

Perf = wpns PNS'™S!  + weoy Coverage'' — Wgap Gap — Alen-Rulesyorm.

Target
(18)
where Rulesyor, = Rules/K, and K is a normalization constant used
only for the length penalty (set to the maximum router length per
table; K=80 in our ablations).

5.2 Experimental Results

5.2.1 Experiment 1: Existence and Rule Discovery of Invariant Causal
Routing.

Visual evidence of norm existence. Using one training-set seed,
we record the final 50 steps after the system has fully evolved. Fig. 3
plots these trajectories across four norms (rows) and five tasks
(columns). Group trajectories (low/mid/high-resource) relative to
shaded bands confirm that multiple norms are stably attained under
specific tasks: (i) ST-1is sustained under GMV; (ii) ST-2 emerges un-
der BAL; (iii) RI-1 appears clearly under FAI; and (iv) RI-2 requires
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Figure 3: Last-50-year trajectories of ¢; (ST) and ¢, (RI) with norm bands (per objective X group). Shaded regions of the same
color indicate the band within which individuals of the corresponding group are expected to remain under the associated social
norm. When all trajectories lie within their respective same-colored shaded regions, the social norm is fully attained.
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Table 1: Representative PNS-significant causal routes selected
by Stage I and Stage II. Entries report PNS with 95% binomial
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Invariant causal routes. For example, RI-1: NI—FAI (ALL) with
PNS = 0.966 means that replacing normal intervention (NI) by
a fairness-oriented strategy (FAI) causes all groups to attain the
RI-1 band with probability 0.966 under the covered contexts. Like-

wise, ST-1: BAL—GMYV (ALL) shows that switching from balanced

Norm ‘ Baseline Current Group ‘ PNS

RI-1 NI FAI ALL | 0.966 [0.904, 0.993]
RI-1 GMV FAI ALL | 0.981 [0.899, 1.000]
RI-1 BAL FAI ALL | 0.962 [0.893, 0.992]
ST-1 BAL GMV ALL | 0.857 [0.722, 0.933]
ST-1 FAI GMV ALL | 0.887 [0.774, 0.947]
ST-1 Uw GMV  ALL | 0.905 [0.779, 0.962]
RI-2 NI BAL ALL | 0.833 [0.735, 0.900]
RI-2 FAI BAL ALL | 0.864 [0.761, 0.927]

growth—fairness (BAL) to a GMV-focused objective causes the subsidy-
to-transaction ratio (¢;) to enter the ST-1 band.

PNS-certified clauses provide causal validity (RQ1): they quan-
tify how strategies differentially induce norm attainment across
groups. The Stage-II router provides actionable parsimony (RQ2):

a short, feasible rule list that generalizes across seeds/contexts while
maintaining high compliance.

BAL, while NI fails to hold bands. These results provide direct ev-
idence that social norms manifest within a simulated online

market.

Toward generalization. A key strength of this design is that PNS-
based selection eliminates confounding and certifies invariance
through twin-world estimation. As a result, the identified routes
generalize across seeds without re-tuning—unlike correlation-based
approaches that drift with confounder shifts. The next section
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Table 2: Ablation results on disjoint train/test seeds (Perf recomputed with K=80). Higher T is better; lower | is better.

Method ‘ PNStrain T COVirain T ‘ PNSiest T Coviest T ‘ Rules |  Rulesyorm | ‘ Gap| Perf. 7
PNS+Greedy 0.989 0.990 0.953 0.966 24 0.300 0.036 0.862
PNS+Greedy (pruned) 0.972 0.981 0.931 0.938 12 0.150 0.041 0.883
Corr+Greedy (Pearson) 0.805 0.958 0.741 0.931 46 0.575 0.064 0.600
Corr+Greedy (Pearson, pruned) 0.742 0.840 0.677 0.796 18 0.225 0.065 0.627
Coverage-Driven 0.622 0.944 0.565 0.915 48 0.600 0.057 0.449
Coverage+Corr Hybrid 0.416 0.564 0.384 0.550 80 1.000 0.032 0.114
Majority Router 0.396 0.540 0.353 0.519 20 0.250 0.043 0.307
Random Router 0.294 0.393 0.251 0.354 60 0.750 0.043 0.042
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Figure 4: Key factors attribution for invariant causal routes.

(Exp. 5.2.2) evaluates this generalization explicitly, showing that
PNS-based routers maintain strong compliance and small gaps on
disjoint test seeds.

5.2.2  Experiment 2: Ablations of Invariant Causal Routing.

Results and analysis. PNS+Greedy and PNS+Greedy (pruned)
dominate on test-time causal effectiveness and generalization under
seed shift, reflecting the benefit of selecting clauses with certified
necessity—sufficiency. Pruning improves parsimony with negligible
loss—yielding shorter, cleaner rule lists while preserving causal
validity. Corr+Greedy (Pearson) and Corr+Greedy (Pearson,
pruned)—are weaker under shift, showing larger gaps and lower
causal attainment, consistent with sensitivity to spurious associa-
tions. Coverage-Driven and Coverage+Corr Hybrid trade causal-
ity for breadth: they can raise unconditional hit rate but require
long lists and lack counterfactual accountability, which limits ro-
bustness. Majority Router and Random Router serve as lower
bounds on both effectiveness.

Overall, our PNS-guided router realizes invariant causal routing
under distribution shift: it preserves certified causal effects across
disjoint seeds while achieving strong test-time performance with
compact rule lists.

5.2.3 Experiment 3: Interpretability and Plausibility of Invariant
Causal Routing.

Platform Levers and User Responses. By stage IIl, we compare
the endogenous distributions of (i) platform levers: subsidy rate
(0), exposure threshold (x), commission (f), fee-tier threshold
(kf)!, and off-transaction spend (R:)?, and (ii) user responses:
investment share (p) and activity level (h). Each task fixes a policy
mapping 7%, The platform applies 7%, users react with (p, h),
and the system converges to a social norm. Fig. 4 shows the per—task
distributions for levers and responses, highlights levers with sig-
nificant cross-task differences, and provides the FAI vs. UW mean
deltas (bottom-right).

Why switching tasks produces these PNS routes. For example:

BAL — GMV = ST-1 (Route 4 in Table 1). Fig. 4 further
shows that k (exposure threshold) and k¢ (fee-tier threshold) de-
cline while the commission f (platform take rate) increases. Lower
thresholds make it easier to gain exposure and to qualify for lower
fee tiers, which drives h (activity) upward. Volume rises but subsi-
dies o remain flat, so per-transaction subsidy intensity is low across
groups, again producing ST-1 .

NI — FAI = RI-1 (Route 1in Table 1). Under FAL the platform
reduces off-transaction spend R; and lowers the fee—tier thresh-
old x¢. The lower k¢ directly expands access to low-fee tiers, al-
lowing more low-resource users to qualify for a lower realized
take rate f and improving their relative inclusion (RI); meanwhile,
high-resource users’ relative advantage narrows. This pattern is
consistent with RI-1.

PNS separates even subtle cases (FAI vs. UW). In the lever panels,
FAI and UW almost overlap. The bottom-right plot shows mean
gaps of only a few percent: FAI has slightly higher kr (fee-tier
threshold) and f (commission), while UW has slightly higher R,
(off-transaction spend) and o (subsidy rate). Even such small, sys-
tematic shifts alter behavior at the margin: under FAI, the activ-
ity level h is slightly lower but the investment share p is higher,
whereas under UW the reverse holds. PNS distinguishes these
cases by tracing the full pathway—fixed policy — endogenous levers
(o,x, f, Kf, R;) — user responses (p, h) — social norms—even when
visual differences are minimal.

These results thus answer RQ3 by revealing interpretable, causally
plausible routes of norm formation.

!Minimum volume to qualify for a lower take-rate tier; distinct from the take-rate f.

R, = R, = pr - Yy, where p; is the spend share and Y; is aggregate GMV.
Off-transaction spend covers marketing/ops, trust & safety, and tooling.
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6 Conclusion

This work introduced Invariant Causal Routing (ICR), a causal
governance framework for discovering stable policy—norm rela-
tions under distribution shift. ICR integrates causal identification,
compact rule learning, and key factor attribution to isolate genuine
causal effects and construct interpretable governance strategies.
Through heterogeneous agent simulations calibrated with real data,
ICR demonstrates improved norm stability, smaller generalization
gaps, and more concise rules compared with correlation or cov-
erage based baselines. These results highlight the value of causal
invariance as a foundation for reliable and interpretable governance
in complex systems.

Beyond this study, the causal routing perspective opens several
promising directions. Future work will extend ICR to multi-level
governance with adaptive agents, explore causal meta-learning
for dynamic environments, and validate the framework using em-
pirical data from large-scale digital platforms. We hope this work
contributes to building principled, transparent, and transferable
approaches for governing social norms in evolving socio-economic
ecosystems.

Conference’17, July 2017, Washington, DC, USA
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A Assumptions and RL Plausibility

Compactness and Feller Continuity: Sufficient Primitives. Assume
that the market evolution is governed by a continuous transi-
tion function F(¥) with ii.d. exogenous noise &. Specifically, if
Xps1 = FO(X,, &), and F© is continuous while & is i.i.d. with
fixed law, then for any bounded continuous function f € Cp(X),
the transition kernel P(?) defined by P9) f(x) = E[f(F) (x, £))] is
continuous by the dominated convergence theorem. Consequently,
P js Feller. Compactness of the state space can be enforced via
clipping and bounded encoders.

Alternative Assumptions (used only if necessary). We could alter-
natively assume weak-Feller + tightness on Polish spaces, or drift
+ minorization (positive Harris recurrence). These provide drop-in
replacements for existence and convergence theorems. However,
the main text does not rely on these alternative sets of assumptions.

B Existence via Krylov-Bogolyubov
Standing assumptions: (X, d) is a compact metric space, and P is
Feller on (X, B).

LeEMMA B.1 (TIGHTNESS OF CESARO AVERAGES). Fix xy € X. De-
fine the Cesdro averages of the Markov chain asvy £ 1 ST P (xo, ).
Then the family {vr}rs1 is tight in P(X), where P(X) denotes the

space of probability measures on X.

ProoFr. Since X is compact, every probability measure on X is
tight. Moreover, £ (X) is compact in the weak topology, which
guarantees the tightness of {vr}rs1. O

LEMMA B.2 (INVARIANCE OF WEAK LIMITS). If vy, = 1 weakly,
then 7 is invariant for P.

ProoF. Let f € Cp(X). We have

1
[@pav- [ rav -1 ( [ rar o —f(xo)) —o.
Since P is Feller, Pf € Cp(X). By weak convergence,

/(Pf)dka —>/(Pf)d7r and /fdvrk —>/fd7r.

Therefore, /(Pf) dn = /fdﬂ for all f € Cp(X), implying that
P =m. o

THEOREM B.3 (KrRYLOV-BOGOLYUBOV THEOREM). The set of in-
variant measures I (P) is nonempty, convex, and weakly compact. In
particular, for any ¢ € Cp(X), the signature set

(P, ¢) = {/ pdm:m EI(P)}
is nonempty and compact.

References. Billingsley [9], Kallenberg [26], Meyn and Tweedie
[31].

C Occupation Measures and Time Averages
Standing assumptions: (X, d) is compact and P is Feller. The process
{X:}t>0 is a Markov chain with transition kernel P. Define pr =
* ST, 8x, as the occupation measure.
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LEmMA C.1 (TIGHTNESS OF OCCUPATION MEASURES). The family
{ur}rs1 is tight in P (X).

LEmmA C.2 (CESARO AVERAGE OF MARTINGALE DIFFERENCES).
For f € Cp(X), define Myy1 = f(Xp41) — (Pf)(X;) as a bounded
martingale difference. Then %ZtT:_ol M;+1 — 0 in L' and almost
surely.

LEMMA C.3 (INVARIANCE OF WEAK LIMITS OF 7). If up, = e
weakly, then i, € I (P).

THEOREM C.4 (LIMIT POINTS OF TIME AVERAGES LIE IN ). Let
¢ € Cp(X) and ¢ = f¢de. Every subsequential limit of (¢r)
equals / ¢ dr for some w € I(P). Hence, all limit points belong to
2(P,§).

If ¢ is only a bounded Borel function, weak convergence need
not imply continuity of integrals. However, the conclusion of Theo-
rem C.4 still holds if ¢ is 7-almost surely continuous for every = €
I (P) or if there exist (¢,) C Cp(X) such that ||¢, = ¢[l;1(r) — O
uniformly over 7 € I (P).

D Convergence of Long-Run Statistics

The main text does not require convergence assumptions. For com-
pleteness we recall two sufficient conditions.

Definition D.1(¢-uniqueness). P has ¢-uniqueness iff ¢ dr equals
the same constant ¢ for all 7 € I (P).

THEOREM D.2 (¢-UNIQUENESS = CONVERGENCE). Under §-uniqueness,

dr — cg almost surely.

Harris ergodic LLN.. If the chain is y-irreducible, aperiodic, and
positive Harris recurrent, there is a unique invariant probabil-
ity z, and %ZLI (X)) — f¢d7r a.s. for all integrable ¢ [31,
Thm. 17.0.1].

E Detailed Estimation Method and Confidence
Interval Calculation

We estimate the Probability of Necessity and Sufficiency (PNS)
using the following unbiased estimator:

— 1
Png(9|1//):N—¢ D0 1Y) =1, Yye(6) =0}
e:(Xe)=1

where Ny is the number of seeds satisfying ¢(X.) = 1.

For confidence intervals of this estimator, we use the Wilson
score interval for a binomial proportion. The confidence intervals
can be computed as follows: Let N = Ny, k = Y.y (x,)=1 1H{Yge(0) =
1, Yy.(6y) =0}, and p = k/N.

Wilson score interval:

22
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F Experiment Setup

F.1 Social Norm Ranges

We instantiate per—group bands for ST (Subsidy/Transaction) and
RI (Revenue/Investment). Group names follow the main text: low-
resource, mid-resource, high-resource. Intervals use standard
open/closed notation; co denotes no upper bound.

ST-1 (low subsidy intensity across groups).
low-resource : (0, 0.7],
mid-resource : (0, 1.0],
high-resource : (0, 1.3].
ST-2 (regressive subsidy: higher for low-resource, lower for high-

resource).
low-resource : [3.5, ),

mid-resource : [2.3, o),
high-resource : (0, 2.0].
RI-1 (upward mobility: higher RI for low-resource, lower for high-

resource).
low-resource : [1.05, o),

high-resource : (0, 0.4].

RI-2 (concentration: lower RI for low-resource, higher for high-
resource).
low-resource : (0, 0.62],

high-resource : (0.8, ).

These bands are used for the “norm attainment” event defined in
the main text: a run attains a norm if each group’s long-run statistic
eventually stays within its band.

F.2 Initial Configurations

Key parameters for five economies (CRRA=risk aversion, I[FE=effort

elasticity, e, =superstar prob., e,=stability, p. =persistence, o, =shock,
super.=multiplier), see Table 3. Experiments 1 and 3 use IC1, whereas
the ablation study (Experiment 2) uses IC1-IC5.

Table 3: Initial-condition (IC) configurations used in all ex-
periments.

IC CRRA [IFE ep eq Pe Oe supere

2.2x107%  0.990 0.982 0.20 504.3
5.0%x107¢  0.985 0.975 0.18 400
8.0x107% 0.985 0.990 0.15 350
1.0x107%  0.920 0.950 0.2 450
3.0x107%  0.995 0.990 0.25 600

IC1 1.0 2.0
IC2 1.5 1.8
1C3 0.7 2.5
IC4 1.2 2.2
1C5 2.0 15

F.3 Action Space: Platform and Users

To keep optimization well-posed under budget/resource constraints,
we parameterize controls by proportions (ratios) rather than raw
levels. This keeps the feasible set compact and stabilizes MARL
training.
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Table 4: Training parameters. One step = one year; evaluation
window T=50 (post burn-in).

Item Value

Population Nhouseholds = 100

Episode length 300 steps (episode termination)

(env)

Model / Buffer hidden size = 256; replay buffer = 10°

Optimization Adam; Ir =3 x 10™%; batch = 128; YRL =
0.975; T=5x%x1073

Schedule 1500 epochs; epoch length = 500 env steps
(across episodes); update freq.=2; eval =
100 episodes

PPO (aux) yepo = 0.99; 7 = 0.95; clip = 0.1; vjpgs =
0.5; ent=0.01

Exploration warm-up = 1000 steps; noise =0.1; € =0.1

Randomization train seeds {0,...,7}; val {8,9}; test
{10,...,12}; twin-world PNS shares exoge-
nous randomness for (6, 6y) per seed

Checkpointing save model every 100 epochs

User actions. Each user i chooses an investment share p! € (0, 1)
(e.g., ads/promo budget ratio) and an activity level hi € [0, hyax]
(e.g., listing/engagement frequency). Let rev! denote realized rev-
enue and ino! the investment stock for user i. The platform applies a
subsidy schedule S(-; o, ;) and a fee schedule F(:; f;, Kft).3 Under
the intertemporal budget,

i inog,,
br= revl + S(revi; oy, ;) — F(revf;ﬁ,xft) +invl’

so decision-making over (spend, effort) is implemented via propor-
tional controls (p:, Al).

Platform actions. The platform sets high-level levers that shape
incentives and aggregate allocation:

ﬂf ={os, ks fir Kfp Pt h Ri=p Vs,

where o; and k; parameterize subsidies/exposure, f; and k¢, pa-
rameterize fees/take-rate tiers, R; is the platform’s off-transaction
spend, and Y; is an aggregate proxy (e.g., total GMV).

Action spaces. With proportional parameterization and clipping,

A = {pl e (0,1), hi € [0,hmas]},  AY as above.

All actions are bounded to ensure compactness and continuity of
the induced transition kernel.

G Training Parameters

Table 4 summarizes all training and optimization settings used in
our experiments, including shared defaults and the ranges used in
ablations. Unless otherwise noted, results use the Table 4 defaults.

3For example, tiered piecewise-linear schedules controlled by platform parameters;
details omitted.

hi € [0, hmax],

Yu et al.

G.1 Seed Configurations

We use five independent contexts (IC1-IC5). Train and test seeds
are strictly disjoint; at load time we drop any accidental overlaps.*
Table 5 lists the exact seeds shipped with our logs; if a replication
uses a different pool, the odd/even rule preserves disjointness.

Table 5: Seeds for ablation experiments. Train uses odd seeds;
Test uses even seeds within each IC.

IC Train seeds Test seeds

IC1 1101, 1103, 1105, 1107 1102, 1104, 1106, 1108
IC2 1201, 1203, 1205, 1207 1202, 1204, 1206, 1208
IC3 1301, 1303, 1305, 1307 1302, 1304, 1306, 1308
IC4 1401, 1403, 1405, 1407 1402, 1404, 1406, 1408
IC5 1501, 1503, 1505, 1507 1502, 1504, 1506, 1508

G.2 Hyperparameters

Unless otherwise noted, we use the following defaults:
Stage I (PNS filter): Tpns = 0.8.

Stage II (routing objective):  Aroute = 0.1, Teov = 0.2, Tprune = 1072,

K =80, Aien = 0.3, €mp = 107°.
Hybrid baseline weight: a=07inaCov+(1-a)T.
Overall Perf weights: Wpns = 0.8, Weoy = 0.2, Wgap = 0.1.
Odist = 0.3, & = 0.05.

s =42.

Stage III (factor selection):
RNG seeds:

Environment train/val/test seeds for IC1-IC5 follow Table 5 (odd
for train, even for test).
Notes for Stage III. For factor fi, distance on the complier set is the
(normalized) 1-Wasserstein metric:

_ Wi(Fip, Fro,)
k=

5

where s is a scale term.

A factor is declared key only if both hold: (i) Dy > O4ist With
default Og;st = 0.3, and (ii) a two-sided permutation test on W, is
significant at @ = 0.05 after Holm—-Bonferroni correction across all
factorxgroup (and baseline, if multiple) tests within the route.

H Complexity and Overhead

Notation.
C : #(IC,norm,base,task), M : rows/CSV, G : groups,

R :rules (StageI), B:buckets, U :evalitems, L :finallistlen.

Stage I components.

Target-set selection : O(CG*M)
Scoring / filtering : O(RC) + O(RlogR)
Greedy routing : O(LRBU)
Backward pruning : O(L*BU)

4Our runner removes from test any IC directory that also appears in train.
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Table 6: Asymptotic complexity (Big-O).

Stage Time Space
Stage I (PNS) O(CMG) 0(1)
Stage II (routing) O(CG*M + RC + RlogR + LRBU + L?BU) O(RBU)
Stage III (attribution) O(LU) o)

Overall. Dominant terms are typically O(C G> M) and O(LRBU);
Stage III is negligible relative to Stage II.
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