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Abstract
Safety evaluations typically assess agents in isolation, yet in-
teracting agents exchange messages and reshape shared envi-
ronments, allowing local harm to escalate into society-level
failure. We study how collapse varies with harmful-agent frac-
tion and society size N . We introduce Agent Society Dynam-
ics, a framework that relates the collapse boundary to size-
dependent harmful pressure and shared-state feedback, and
evaluate it through fixed-count analyses and controlled inter-
ventions in a case-inspired hybrid social–market simulation.
Across society sizes, collapse is rare at low harmful frac-
tions, rises sharply near a size-dependent boundary, and then
saturates. As N increases from 100 to 2000, the 50% col-
lapse boundary falls from 4.7% to 2.2%, while the effective
harmful count rises from 4.7 to 44. A power-law fit yield-
s a boundary exponent of 0.222; bootstrap estimates remain
between 0 and 1, implying sublinear growth in the effective
harmful count. At fixed harmful counts, the maximum joint
severity of harmful diffusion and market disruption decreases
with society size, revealing subcritical dilution. Weakening
feedback shifts the boundary toward higher harmful fractions,
whereas stronger feedback or greater network reach shifts it
toward lower fractions. Together, these results show that so-
ciety size and shared-state feedback jointly shape collective
failure under the tested protocol.

1 Introduction
Safety evaluations usually test agents one at a time. Yet as
AI systems scale toward increasingly complex tasks, coordi-
nated populations of agents are likely to become a common
deployment paradigm. These agents exchange messages, ob-
serve shared outcomes, and act on a common environment.
Harmful influence may therefore spread beyond its source as
agents respond and reshape the state that guides later deci-
sions. A society can consequently fail even when most agents
appear safe in isolation.

Recent work has identified interaction failures, nonlinear
group-size effects, degraded outcomes in large population-
s, and conformity-driven collective misalignment (?Cemri
et al. 2025; ?; ?; De Marzo et al. 2026; Huang et al. 2026).
Changing the prevalence of misaligned values can also al-
ter long-run collective regimes (?). However, existing work
does not systematically map how the harmful participation
required for failure changes as society size grows. We there-
fore ask whether larger societies fail at the same harmful
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count, the same harmful fraction, or a different scaling of the
two.

We investigate this question in a controlled social–market
society of heterogeneous, boundedly rational agents. Agents
exchange messages and trade in a shared market, creating a
closed loop between communication, collective action, and
environmental state. In the primary scenario, an episode col-
lapses when harmful information spreads broadly and coin-
cides with severe price dislocation or liquidity stress. We vary
harmful-agent fraction α and society size N , while holding
role distributions, interaction rules, market scaling, harmful
strategy, and controller allocation fixed.

We observe a sharp transition from rare to frequent col-
lapse. We define the collapse boundary αc(N) as the harm-
ful fraction at which collapse probability reaches 50%, and
Kc(N) = Nαc(N) as the effective harmful count at that
boundary. As N grows from 100 to 2000, the boundary fall-
s from 4.7% to 2.2%, while the corresponding count rises
from 4.7 to 44. Larger societies therefore collapse at a smaller
harmful fraction but require more harmful agents in absolute
terms. Over the tested size range, a power-law fit gives a
boundary exponent of 0.222. The corresponding count ex-
ponent is 0.778, with a 95% bootstrap confidence interval
(CI) of [0.717, 0.848].

This pattern motivates separating two effects of society
size: how harmful pressure scales with the population, and
how induced actions are reproduced through social and envi-
ronmental feedback. The falling fraction and rising count are
therefore compatible with dilution at fixed harmful counts
and amplification once harmful participation scales with the
society.

We formalize this distinction through Agent Society Dy-
namics, a finite-size analysis framework linking the observ-
able collapse boundary to attack aggregation and feedback
amplification. The former describes how harmful pressure
changes with population size; the latter describes how in-
duced actions alter shared state and shape later behavior.
Under a stable collapse criterion, a conditional scaling re-
lation connects these two processes to how the boundary
changes with society size. Figure 1 summarizes the closed-
loop setting, the observed size-dependent transition, and the
resulting finite-size analysis.

Guided by this framework, we conduct controlled fixed-
count and intervention analyses. At fixed harmful counts,
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Figure 1: Shared-state feedback in an interacting agent society. Harmful pressure propagates through social and environmental
feedback; the right panels summarize the observed transition, finite-size scaling, and the conditional mechanism framework.

the maximum combined severity of harmful diffusion and
market disruption decreases with society size, including in
subcritical and zero-failure runs. Weakening feedback shifts
the 50% boundary toward higher harmful fractions, whereas
strengthening feedback or doubling network reach shifts it
toward lower fractions. Increasing conformity makes social
messages more predictive of individual actions but bare-
ly moves the boundary, suggesting that social influence be-
comes collapse-relevant when induced actions feed back into
shared state. We further assess the pattern across controller
realizations, LLM backbones, and additional manipulation
mechanisms.

Our contributions are summarized as follows:
• A society-level safety testbed. We formulate collective-

collapse evaluation across harmful composition and soci-
ety size, and instantiate it in WolfBench, a case-inspired
social–market environment covering four manipulation
mechanisms.

• Agent Society Dynamics. We introduce a finite-size
framework that separates attack aggregation from shared-
state feedback and relates them conditionally to boundary
scaling.

• Comprehensive empirical evidence. Scaling sweeps,
fixed-count analyses, interventions, and robustness audits
reveal a decreasing collapse boundary, subcritical dilu-
tion, and feedback strength and network reach as collapse-
relevant factors.

2 Related Work
Multi-agent safety and emergent collective risks. Inter-
acting AI agents can exhibit failures absent from isolated-
agent evaluations, including miscoordination, conflict, col-
lusion, and destabilizing network effects (?Cemri et al. 2025;
Erisken et al. 2025). Empirical studies further document se-
cret collusion, inter-agent misalignment, conformity, and e-

mergent group risks (Motwani et al. 2024; Nakamura et al.
2026; Huang et al. 2026). Most closely related, adversarial
minorities can drive communicating agents across tipping
points into persistent misalignment (De Marzo et al. 2026),
while changing the prevalence of misaligned values can alter
collective regimes and induce macro-level collapse (?). We
instead vary harmful composition and society size jointly to
measure how the collapse boundary moves in a closed-loop
society.

Population-scale agent simulation. Generative-agent
platforms and social simulations study emergent behavior in
LLM-driven populations (Park et al. 2023; Piao et al. 2025).
Related environments examine cooperation and sustainabil-
ity (Piatti et al. 2024), market fidelity (Byrd, Hybinette, and
Balch 2019), long-horizon heterogeneous populations (?),
and social norms in agent-native communities (?). Unlike
these settings, our simulator treats harmful fraction and pop-
ulation size as joint experimental axes while holding role
distributions, interaction rules, and environmental dynamics
fixed.

Collective thresholds and systemic risk. Threshold and
cascade models explain how local adoption produces dis-
continuous collective behavior (Schelling 1971; Granovet-
ter 1978; Watts 2002), while complex contagion empha-
sizes reinforcement across contacts (Centola and Macy 2007;
Castellano, Fortunato, and Loreto 2009). Financial-network
models similarly connect topology and feedback to systemic
fragility (Haldane and May 2011; Elliott, Golub, and Jack-
son 2014; Acemoglu, Ozdaglar, and Tahbaz-Salehi 2015).
Recent LLM-agent studies examine collaborative financial
fraud and coordinated market behavior (??). We focus instead
on how the harmful participation required for society-level
failure scales with population size.

Social learning and network influence. Information-
cascade, discrete-choice, and rational-inattention models ex-



plain how public information, social influence, and limited
processing shape individual decisions (Banerjee 1992; M-
cKelvey and Palfrey 1995; Brock and Durlauf 2001; Sims
2003). Recent work shows that agent conformity depends
on group conditions (?) and distinguishes network exposure
from influence realized under finite attention (?). We use
conditional mutual information (Cover and Thomas 2006) to
compare social and private evidence, while controlled inter-
ventions test whether socially induced actions are amplified
through shared state toward collapse.

Finite-size scaling. Finite-size scaling separates collective
transitions from finite-population artifacts (Fisher 1971; Bar-
ber 1983). Recent LLM-agent studies also reveal nonlinear
size effects and degraded outcomes in larger groups (??).
We jointly vary harmful fraction and society size, estimate
the size-dependent collapse boundary and effective harmful
count, and test the resulting pattern through fixed-count anal-
yses and controlled interventions without assuming a known
universality class.

3 Agent Society Dynamics: Collapse and
Finite-Size Scaling

We now formalize society-level collapse, the social and en-
vironmental feedback that can amplify harmful pressure,
and the finite-size coordinates used to analyze the resulting
boundary.

3.1 Society-Level Collapse
An episode contains N agents over T = 30 days, including
K harmful agents. Runs start from a target harmful fraction
αtarget, with

K = round(αtargetN), αrealized = K/N.

The main analysis interpolates the response curve on the
target grid. Below, α = αtarget unless stated otherwise. For
manipulation mechanism m under protocol π, define

pm(N,α;π) = Pr(Cm = 1 | N,α,m, π),

αm
c (N ;π) = inf{α : pm(N,α;π) ≥ 1/2}.

We report αc only when the sampled grid brackets p = 1/2,
and define Kc(N) = Nαc(N), the effective number of
harmful agents at the 50% collapse boundary. Because αc

is an interpolated midpoint, Kc need not be an integer. The
protocol fixes agent policies, graph generation, market scal-
ing, harmful strategy and placement, horizon, and controller
allocation.

For the primary scenario S1, let qt denote the reach of
harmful social cascades, dt price dislocation, and Lt liquid-
ity stress. We first measure the joint severity of harmful dif-
fusion and market disruption on each day. The episode-level
peak risk RS1 is the largest such severity over the thirty-day
episode, and collapse occurs when this value reaches one:

SS1
t = max

{
0,min

(
qt
0.55

,max

{
dt
0.21

,
Lt

0.85

})}
,

RS1 = max
t≤T

SS1
t , CS1 = 1{RS1 ≥ 1} .

Thus, collapse requires harmful social diffusion together with
either price dislocation or liquidity stress. The supplementary
material reports component cutoffs, threshold perturbations,
and sensitivity to the realized grid.

3.2 Social Response and Feedback Amplification
To explain how local harmful pressure becomes collective
failure, we separate the pressure introduced by harmful a-
gents from the responses it induces and the feedback gen-
erated by those responses. We summarize role-conditioned
behavior with the local response approximation

∆Ui,t = hi,t + θiZ
v
i,t + γiZ

s
i,t,

xi,t+1 = tanh

(
βi

2
∆Ui,t

)
.

Here hi,t is harmful pressure, and Zv
i,t and Zs

i,t summarize
private and social evidence. The social weight γi, response
precision βi, and network reach correspond to the confor-
mity, precision, and reach interventions below. The resulting
actions update market and social state, closing the feedback
loop. This local analytical reduction provides a common co-
ordinate system for the interventions. In the simulator, trust
and attention mediate social evidence, so identical messages
can produce different responses across roles and histories.
The full derivation and Jacobian form appear in the sup-
plementary material. Aggregating the direct harmful inputs
hi,t across the population yields the society-level attack term
used in the finite-size response analysis below.

Let χ+
T,N denote the finite-horizon amplification of persis-

tent harmful pressure, with χ+
T,N ∝ Nζ over the tested size

range. Because this theoretical susceptibility is not direct-
ly observed, we use a failure-gain proxy: the episode-level
peak risk divided by the attack input implied by the exper-
imental design. Its fitted exponent ζ̂fg summarizes how this
normalized response changes with society size.

Social-information dominance separately compares the
action relevance of social messages M and private evidence
V , conditional on public history H and role R:

DN =
I(A;M | V,H,R)

I(A;M | V,H,R) + I(A;V | M,H,R)
.

We report DN only when the denominator exceeds a pre-
specified information floor; otherwise, it is left undefined.
Values DN > 1/2 indicate that social messages carry more
action-relevant information than private evidence. Neither
DN nor amplification alone determines fragility. Socially
influenced actions must also push shared state toward col-
lapse. Estimation details and finite-sample checks appear in
the supplementary material.

3.3 Finite-Size Response Coordinates
Let aggregate harmful pressure scale as αNδ , where the
attack-aggregation exponent δ captures how attack magni-
tude changes with society size, and let feedback amplification
scale asNζ . Assuming that collapse occurs at a size-invariant



level of amplified harmful pressure, the induced response s-
cales as

∆RN ≈ αNδ︸︷︷︸
attack aggregation

· Nζ︸︷︷︸
feedback amplification

.

The corresponding collapse boundary and effective critical
count satisfy

αc(N) ∝ N−ν , Kc(N) ∝ N1−ν , ν = δ+ζ. (1)

Thus, 0 < ν < 1 implies a decreasing collapse boundary
and a sublinearly increasing critical count. Equation (1) is
conditional on the assumed size-invariant collapse criterion.

For the empirical analysis, we fit the fixed-count response
surface

logRS1 = a+ bN logN + bK logK + ε.

Under liquidity depth N ℓ, the design-implied attack input is
A = K/N ℓ, so δ = 1 − ℓ. The failure-gain proxy Gfg =
RS1/A then satisfies

ζ̂fg = bN + ℓ, δ + ζ̂fg = 1 + bN .

Hence, the chosen attack-input normalization contributes di-
rectly to the fitted size dependence. Setting RS1 = 1 yields
the response contour

νresponse = 1 +
bN
bK

,

which combines the empirical elasticities of risk with respect
to society size and harmful count. We estimate this contour
from subcritical fixed-count data without using collapse mid-
points for fitting or calibration. The supplementary material
provides the derivation and validity checks.

4 Experimental Setup
4.1 Society and Scenarios
We use a shared market because prices and liquidity form an
endogenous state that agents jointly alter and later observe.
This creates a measurable loop from harmful messages to
collective trading and back to later decisions, while price
dislocation and liquidity stress provide prespecified collapse
readouts.

Agents interact over a social graph while trading in this
market. Benign agents have persistent portfolios, noisy pri-
vate signals, finite attention, sender-specific trust, and one
of five roles: risk-averse, value-oriented, trend-following,
social-following, or aggressive. Each day, agents receive pri-
vate and social evidence, communicate and trade, and ob-
serve the resulting state, which carries into the next day. Role
proportions and parameter distributions remain fixed across
society sizes.

Table 1 summarizes the four mechanisms inspired by pub-
lic cases. S1 is the primary scaling setting, and S2–S4 test
qualitative transfer. Their designs follow public records of
social media manipulation, spoofing, and wash trading (U.S.
Securities and Exchange Commission 2022; U.S. Depart-
ment of Justice 2020; U.S. Commodity Futures Trading Com-
mission 2021). Full provenance appears in the supplementary
material.

Table 1: Manipulation scenarios inspired by public cases and
their primary readouts. S1 is the primary analysis scenario.

Scenario Perturbed channel Primary readout
Social-information manipulation
S1 Pump-and-dump Social demand and

diffusion
Price–liquidity
dislocation

S2 Scalping High-reach
promotion

Price–liquidity
dislocation

Market-microstructure manipulation
S3 Spoofing/layering Displayed market

depth
Cancellation and
liquidity stress

S4 Wash trading Artificial trading
volume

Fake liquidity and
withdrawal loss

Each role maps private observations and received mes-
sages to trading and communication actions. Most agents
use scalable controllers defined by role. A prespecified quota
that grows slowly with society size assigns LLM controllers
to a small subset of benign and harmful agents. All pri-
mary scaling, response, and intervention experiments use
DeepSeek V3.2 for LLM-controlled agents. We separately
evaluate backbone dependence through a reduced two-size
audit in which only the LLM backbone changes and the
remaining S1 protocol stays fixed. Exact quotas, prompts,
cached responses, and controller allocation audits are report-
ed in the supplementary material. We package the simulator,
scenarios, and evaluation interfaces as WolfBench, a con-
trolled testbed for measuring collective failure across harm-
ful composition and society size and for supporting future
evaluation of defenses targeting propagation and shared-state
feedback.

4.2 Scaling and Interventions

Primary scaling and intervention runs use twelve seeds and
N ∈ {100, 200, 300, 500, 1000, 2000}. Eachα-grid contain-
s zero and is adaptively refined around a transition identified
in pilot runs. Reported intervals are conditional on the select-
ed grid, and pilot episodes are excluded. Across N , we hold
the scenario, role proportions, graph rule, per-agent budgets,
harmful strategy and placement, liquidity scaling, defense
setting, and controller allocation schedule fixed.

Matched S1 interventions are run at two sizes, N ∈
{300, 1000}. They vary composite feedback bundles, net-
work reach, attention, conformity, and response precision.
The feedback bundles coordinate four components of the
social–environmental loop. The weaker regime jointly re-
duces response precision, conformity, attention capacity, and
graph degree. The stronger regime increases the same com-
ponents. Interventions on individual factors vary one compo-
nent at a time. Increased network reach doubles mean degree
for all agents. Its effect on the boundary is measured, not
assumed. Common random-number seeds are reused across
matched cells. Runs across scenarios use N ∈ {300, 1000}
and twelve seeds per cell.
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Figure 2: Nonlinear collapse transition in the primary scenario. Collapse probability rises sharply around a size-dependent
boundary and saturates at higher harmful fractions; the underlying episode-level peak risk provides a continuous view of the
same thresholded event.
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4.3 Response Scaling and Estimation
The fixed-count response grid uses K ∈ {1, 3, 5, 8, 12},
all six society sizes, and twelve seeds per cell. We fit
logRS1 = a + bN logN + bK logK + ε at the episode
level. The primary subcritical audit retains cells whose fail-
ure prevalence is below 1/2. A stricter check retains only
cells with zero failures. Paired bootstrap replicates resample
complete panels for each fixed count.

For descriptive accounting, we also vary liquidity depth
N ℓ. Fixed depth uses ℓ = 0, baseline depth uses ℓ = 0.5,
and per-capita depth uses ℓ = 1. The corresponding failure-
gain proxy is RS1/(K/N ℓ). Its size exponent contains the

normalization term ℓ exactly, as shown in the framework and
supplementary audit.

We estimate αc(N) by linearly interpolating the first ad-
jacent α values that bracket p = 1/2; unresolved midpoints
are censored. Each of 10,000 paired-bootstrap replicates re-
samples seeds, reconstructs the response curves, re-estimates
their boundaries, and refits the log–log exponent while pre-
serving pairing across matched cells. Because the grid is
adaptively selected, intervals are conditional on the frozen
grid and do not include grid-selection uncertainty. Interven-
tion effects are reported as the mean paired shift

∆αc(N) = αintervention
c (N)− αbaseline

c (N)

across N ∈ {300, 1000}. Additional checks appear in the
supplementary material.

5 Results
5.1 Nonlinear Collapse and Finite-Size Scaling
Figure 2 shows that collapse remains rare at low harmful frac-
tions, rises sharply around a size-dependent boundary, and
saturates beyond it. The underlying continuous measure—the
maximum combined severity of harmful diffusion and mar-
ket disruption reached during an episode—varies smoothly
around the same boundary, revealing near-threshold differ-
ences hidden by the binary collapse label.

The collapse boundary αc(N) decreases from 0.047 at
N = 100 to 0.022 at N = 2000. Over the same range,
the effective critical count Kc(N) = Nαc(N) increases
from 4.7 to 44.0. An ordinary least-squares fit across the six
resolved size midpoints gives ν̂ = 0.222 for αc(N) ∝ N−ν

(Eq. (1)).
This estimate is stable across sensitivity analyses. A

censoring-relaxed analysis gives ν̂ = 0.223, with a 95% CI
of [0.152, 0.283], while requiring all six midpoints to be re-
solved gives a conditional interval of [0.206, 0.277]. Replac-
ing the target grid with the realized fractions K/N changes
the estimate only from 0.222 to 0.224. All estimates remain



Table 2: Fixed-count response surface audit. The contour s-
lope is νresponse = 1+bN/bK ; the observed collapse bound-
ary exponent is ν̂ = 0.222.

Response subset bN bK νresponse

All fixed-K -0.784 1.575 0.503
Subcritical cells -0.894 1.683 0.469
Zero-failure cells -0.950 1.817 0.477

Note. Subcritical cells have fixed-K failure prevalence below
1/2. Zero-failure cells contain no failures across twelve seeds.
The slopes describe the continuous risk surface.

within 0 < ν < 1, indicating that the collapse boundary
decreases with society size while the effective critical count
grows more slowly than society size itself.

Equivalently, Kc(N) ∝ N0.778, with a 95% CI of
[0.717, 0.848] for the count exponent (Figure 3). At the four
sizes whose sampled grids bracket both p = 0.1 and p = 0.9,
the 10%–90% transition width ranges from 0.013 to 0.028,
confirming that the rise from rare to frequent collapse occurs
over a relatively narrow harmful-fraction range.

5.2 Fixed-Count Response Scaling
The boundary analysis varies harmful fraction, so the ab-
solute number of harmful agents also changes with society
size. We therefore ask a complementary question: when the
harmful count is held fixed, how does continuous risk change
as the society grows?

Across the full response surface, bN = −0.784 and
bK = 1.575. The negative size coefficient shows that a fixed
harmful count produces lower episode-level peak risk in a
larger society, whereas the positive count coefficient shows
that risk increases as more harmful agents are introduced.

This relationship remains after removing cells at or above
the transition. Across 300 episodes in 25 subcritical cells,
bN = −0.894 (paired-bootstrap 95% CI [−0.960,−0.852])
and bK = 1.683 (95% CI [1.664, 1.763]). These coefficients
imply a response-contour slope of νresponse = 0.469 (95% CI
[0.435, 0.501]). Restricting the analysis further to cells with
no observed failures gives a similar slope of 0.477 (Table 2).
Thus, the size-dependent decline is already present below
the binary collapse threshold.

A strict leave-one-size-out audit fits the subcritical surface
on five sizes and extrapolates to theRS1 = 1 contour without
using collapse midpoints. It preserves the boundary direction
and rank (Spearman = 0.943) but yields a slope of 0.463,
steeper than the observed boundary exponent of 0.222 and
a mean absolute log error of 0.390. Thus, the response sur-
face captures the direction of finite-size change but not the
boundary exponent quantitatively.

5.3 Feedback and Reach Shift the Boundary
The largest shifts in the collapse boundary occur under the t-
wo composite feedback bundles and increased network reach.
The weak-feedback bundle moves the boundary rightward
by +0.046 in α. Increased network reach and the strong-
feedback bundle move it leftward by −0.017 and −0.018,
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Figure 4: Intervention effects on the collapse boundary.
Points show the mean shift across the matched sizes N ∈
{300, 1000}, and intervals are 95% CIs from a paired boot-
strap over seeds. Negative shifts indicate greater fragility;
positive shifts indicate greater robustness.

Table 3: Controller realization audits over the common re-
solved range of five sizes, N ≤ 1000.

Condition Exponent [95% CI] Boundary evidence

All-rule 0.164 [−0.009, 0.251] 0.0475 → 0.0300
Standard quota 0.181 [−0.063, 0.289] 0.0500 → 0.0300
Increased quota 0.190 [−0.081, 0.276] 0.0475 → 0.0280

Note. Estimates are exponents over the common range. Boundary
evidence reports αc(100) → αc(1000).

respectively (Figure 4). The paired-bootstrap 95% CI for
each effect excludes zero, and each reported shift is averaged
over the two matched sizes. By contrast, the interventions
on attention, conformity, and response precision produce s-
mall rightward shifts of +0.002, +0.003, and +0.004. Their
confidence intervals include zero.

The conformity and reach interventions further sepa-
rate information dominance from collapse-relevant feedback.
High conformity raises DN by 0.183 on average (paired-
bootstrap 95% CI [0.166, 0.203]) yet barely moves the bound-
ary. Increased network reach changes DN little but shifts
the boundary leftward. Thus, social information becomes
collapse-relevant when the induced actions feed back into
shared state, not merely when social messages predict indi-
vidual actions.

5.4 Controller Realization Audits
The all-rule condition disables all LLM calls while holding
the remaining simulator settings fixed. Across the common
range of five sizes, all-rule, standard-quota, and increased-
quota controllers preserve the same endpoint direction (Ta-
ble 3): the collapse boundary decreases while the effective
critical count increases. The exponent estimates are similar,
but their six-seed intervals are wide and include zero.



Table 4: Reduced cross-backbone robustness audit for the
primary S1 scaling setting. Each backbone uses the same
protocol and the two society sizes N = 100 and N = 1000.

Backbone αc(100) αc(1000) ν̂2pt

GPT-4.1 0.0525 0.0260 0.305
Qwen3-235B 0.0550 0.0260 0.325
Llama-3.3-70B 0.0550 0.0260 0.325
GLM-4.5 0.0550 0.0260 0.325
Kimi K2.6 0.0525 0.0280 0.273

Note. ν̂2pt = log10(αc(100)/αc(1000)). These values are
descriptive two-point slopes, not substitutes for the primary
exponent fit across six sizes.

A reduced two-size audit replaces DeepSeek V3.2 with
five alternative LLMs while holding the remaining S1 pro-
tocol fixed. Every backbone preserves the direction of the
boundary shift from N = 100 to N = 1000, with two-
point slopes from 0.273 to 0.325 (Table 4). Together, these
audits show that the endpoint direction is stable across the
tested controller allocations and backbones. Both audits are
descriptive robustness checks; the primary sweep across six
sizes provides the exponent estimate.

5.5 Transfer Across Manipulation Mechanisms
The S2–S4 runs assess qualitative transfer beyond the prima-
ry mechanism. Each run uses N ∈ {300, 1000} and twelve
seeds per cell. S2 transitions within α ∈ [0.003, 0.010] at
both sizes, while S3 transitions within α ∈ [0.10, 0.15]. S4
does not reach the collapse threshold over the tested range
α ≤ 0.12. Its maximum episode-level peak risk is 0.083.
The nonlinear collapse transition therefore transfers qualita-
tively to S2 and S3 but not to S4 under the tested protocol.
Because the attack channels and score definitions differ, this
comparison concerns transition presence rather than abso-
lute boundary values. S4 remains a useful negative result:
increasing harmful composition alone does not guarantee
that every manipulation mechanism reaches the prespecified
society-level collapse event within thirty days.

6 Discussion
Why the fraction falls while the count grows. The falling
fraction and rising count are complementary features of the
same size-dependent transition. Over the tested range, this
pattern is inconsistent with both a fixed-count trigger and
a threshold proportional to society size. Below collapse, a
fixed harmful count produces less severe diffusion and market
disruption in larger societies. This dilution partly reflects the
baseline liquidity scaling of N0.5, while the interventions
show that endogenous feedback also moves the boundary.
Because the response contour is steeper than the observed
boundary, the subcritical response captures the direction, but
not the full magnitude, of the transition.

Why information dominance is not enough. Social in-
formation becomes dangerous when the actions it induces
feed back into shared state. Increasing conformity makes

social evidence more predictive of action but barely moves
the boundary, whereas increased network reach shifts the
boundary with little change in DN . Within the tested inter-
ventions, fragility is therefore more closely associated with
network and environmental feedback than with information
dominance alone.

Implications for the safety of agent systems. Isolated-
agent evaluations can miss failures that emerge through
shared-state feedback. In the tested financial society, feed-
back strength and network reach are collapse-relevant,
whereas greater reliance on social information alone does
not substantially move the boundary. These results motivate
defenses that limit harmful exposure and propagation and
interrupt the feedback that reproduces socially induced ac-
tions.

7 Scope, Limitations, and Ethics

Our conclusions are limited to the tested protocol: a con-
trolled social–market society with thirty-day episodes, static
within-episode graphs, and archetypal roles. The primary
finite-size estimate comes from S1, while S2–S4 establish
only qualitative transfer across manipulation channels. Con-
troller audits cover rule-based and quota-limited hybrid so-
cieties, not fully LLM-controlled populations. Absolute col-
lapse boundaries should therefore be interpreted as protocol-
specific rather than universal.

The fixed-count surface describes behavior below col-
lapse. Its held-out predictions preserve the direction and rank
of the observed boundary but do not recover its exponent
quantitatively. The theoretical susceptibility is an organizing
construct, whereas the failure-gain proxy is a normalized em-
pirical summary rather than a direct measure of microscopic
amplification. Adaptive networks, longer horizons, alterna-
tive collapse definitions, and other societal domains remain
open directions.

The scenarios are derived from public manipulation cas-
es and described only at the mechanism level. We do not
name specific securities, reproduce operational procedures,
or claim that the simulations represent real-market deploy-
ment.

8 Conclusion

This work frames interacting-agent safety as a society-level
problem. We introduce Agent Society Dynamics, a finite-size
framework that relates the collapse boundary to harmful-
pressure scaling and shared-state feedback, and evaluate it in
a controlled social–market society.

We find that larger societies collapse at a smaller harmful
fraction, while the effective harmful count at the boundary
grows sublinearly. Fixed-count analyses reveal dilution below
the transition, whereas feedback and network reach interven-
tions shift the boundary. These results show that agent safety
should be evaluated jointly across harmful composition, pop-
ulation size, and feedback structure.
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