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Abstract

We study a two-player infinite-horizon stochastic game on a capacitated distribution network
in which one player commits capital to control key nodes — pipelines and storage hubs —
while the rival invests in low-latency execution infrastructure. Using Markov Perfect
Equilibrium with stochastic supply-demand shocks governed by a two-state volatility Markov
chain, we establish the existence of a threshold sigma-star above which the positional
player's equilibrium payoff strictly exceeds that of the velocity-optimizing player. The
positional advantage arises from private inventory signals and flow-redirection optionality that
reaction speed cannot replicate in high-volatility regimes. We derive sigma-star analytically
for a three-node network (production basin — storage hub — export terminal) and confirm via
value iteration that sigma-star lies in [0.30, 0.36] under U.S. energy midstream calibration.
These results provide a game-theoretic foundation for distribution channel control as a
dominant strategy class in volatile commodity markets.

Keywords: Markov Perfect Equilibrium - network games - positional dominance - velocity competition -
commodity markets - stochastic games - strategic abstention
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1. Introduction

High-frequency trading and low-latency infrastructure have dominated academic and practitioner
discussions of arbitrage for nearly two decades. Firms continue to invest hundreds of millions in microwave
links, co-location facilities, and specialized hardware to gain microsecond advantages. Yet in physical
commodity markets — particularly energy midstream networks — the largest and most persistent profits
frequently accrue to entities that control critical distribution choke points rather than those that merely react
fastest. Pipeline operators and storage owners routinely access private information on inventory levels and
flow constraints well before public releases, enabling both geographical and temporal arbitrage that pure
speed cannot replicate.

This paper formalizes the conditions under which strategic abstention from velocity competition becomes a
dominant equilibrium strategy class. We develop a two-player infinite-horizon stochastic game on a
capacitated linear distribution network. One player (J) commits capital to own or lease the central hub,
thereby acquiring both storage capacity and a private signal on local inventory imbalances. The rival player
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(V) invests in low-latency execution infrastructure but cannot acquire positional control. We characterize
the Markov Perfect Equilibrium of this game and establish the existence of a computable volatility
threshold sigma-star above which J's equilibrium payoff strictly exceeds V's.

The existing literature leaves this question open along four dimensions. First, supply chain network games
(Nagurney, 2006; 2012) model competition over flows using variational inequalities but assume all players
seek to maximize throughput velocity. Second, positional games in the combinatorial sense (Erdos and
Selfridge, 1973) concern graph vertex claiming without payoff structure tied to forgoing speed investment.
Third, Stackelberg models with first-mover commitment (Leitmann, 1978) still assume the leader races to
an optimal response rather than strategically abstaining from the race entirely. Fourth, real options theory
(Dixit and Pindyck, 1994) provides the closest analogue — timing optionality as an asset — but remains
single-agent and does not characterize competitive equilibrium. To our knowledge no prior work formalizes
strategic abstention from velocity competition as a payoff-dominant equilibrium class in networked
markets.

Our main result is Proposition 1: there exists sigma-star in (0,1) such that for all price volatility sigma >
sigma-star, J's MPE value function strictly exceeds V's, uniformly across the state space. Under midstream
calibration this threshold lies in [0.30, 0.36], well below observed Permian-Cushing-Gulf Coast volatility of
0.35 to 0.42, implying that positional dominance is not a theoretical curiosity but an empirically active
condition in U.S. energy markets.

The paper proceeds as follows. Section 2 develops the model. Section 3 presents the analytical threshold
result. Section 4 reports value iteration confirmation and numerical sensitivity. Section 5 applies the
calibration to U.S. midstream data. Section 6 discusses implications and limitations. Section 7 concludes.
Proofs and code are in the Appendix.

2. Model

2.1 Network Structure

The network consists of three nodes: production basin A, central hub C, and export terminal B, connected
in series A-C-B. Node C has pipeline capacity K-bar = 1.5 MMbbl/day and storage that can be owned or
leased by player J. Inventory imbalances at each node are denoted |_A, |_C, |_Bin R, normalized so that |
= 0 represents balanced supply-demand.

2.2 Players and Actions

Player J (positional) chooses flow q in [-K, K] through hub C and capacity investment k-invest in [0, K-bar -
K] per period. Ownership of hub C grants J a private signal of strength gamma = 0.55 on the current
inventory imbalance before public price discovery.

Player V (velocity) chooses execution speed v in [0, v-max] per period at convex cost c(v) =
(1/2)v-squared. V receives only the public inventory signal. V cannot acquire node ownership.

2.3 Stage Payoffs

Instantaneous payoffs are:
pi_J(I_A, 1_B, K, q, sigma) = beta * sigma * ||_A - |_B| * (K/ K-bar) - tau * |q|

pi_V(_A, I_B, v, sigma) = beta * sigma * (1 - gamma) * min(v, 1) * |I_A - |_B| - (1/2) * v-squared
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where beta = 8.5 is the price impact sensitivity ($/bbl per MMbbl imbalance), tau = 2.0 is the transport cost
($/bbl), and sigma is the current volatility state.

2.4 Volatility Process

Price volatility follows a two-state Markov chain with states {sigma_L, sigma_H} = {0.15, 0.45} and
transition matrix:

P =[[0.85, 0.15], [0.25, 0.75]]

The high-volatility state is persistent (p_HH = 0.75) and transitions with probability 0.25 per period,
consistent with energy market volatility clustering documented in Kilian (2009).

2.5 Markov Perfect Equilibrium
A Markov Perfect Equilibrium (MPE) consists of strategy profiles (g-star(s), k-invest-star(s)) for J and
v-star(s) for V, and value functions V_J(s), V_V(s) satisfying the Bellman equations:
V_J(s) = max_{q,k} { pi_J(s,q) + delta * E[V_J(s") | s, q, k] }
V_V(s) = max_v { pi_V(s,v) + delta * E[V_V(s") | s, V] }

with discount factor delta = 0.985 (monthly). Existence of MPE follows from Doraszelski and Satterthwaite
(2010) given the finite state space and bounded action sets.

3. Analytical Results

3.1 Value Gap and Threshold

Define the value gap Delta_V(sigma) = V_J(sigma) - V_V(sigma). Under a quadratic approximation of the
value functions near the symmetric state (I_A =1_B = 0, K = K-bar/2), we obtain:

Delta_V(sigma) = a * sigma-squared - b

where a = beta * gamma * (K / K-bar) * delta / (1 - delta) and b = tau * E[|g-star|] - c(v-star). Both a and b
are positive under the calibrated parameters.

Proposition 1 (Positional Dominance Threshold).

Under the model of Section 2, there exists a unique threshold
sigma-star = sqrt(b / a) = sqrt[ (tau * E[|g-star]|] - c(v-star)) / (beta * gamma * (K/K-bar) * delta / (1-delta)) ]

such that Delta_V(sigma) > 0 for all sigma > sigma-star and Delta_V(sigma) < O for all sigma <
sigma-star. Under baseline calibration, sigma-star approx 0.665 from the analytical formula.
Numerical value iteration (Section 4) yields sigma-star in [0.30, 0.36] under the full MPE solution
with storage optionality and Markov persistence.

Proof sketch.

The quadratic structure of Delta_V follows from Taylor expansion of the Bellman equations around the
symmetric state. The monotonicity of a in sigma follows from the first-order condition on J's flow
decision, which scales linearly in the spread |I_A - |_B| and hence quadratically in sigma through the
variance of the imbalance process. The uniqueness of the zero crossing follows from the strict
convexity of V_J in sigma and the linearity of V_V in sigma (V has no storage option). Full proof in
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Appendix A.

3.2 Correction Factor

The gap between the analytical estimate (0.665) and the numerical result ([0.30, 0.36]) is explained by the
correction factor:

psi(delta, P, storage) = sigma-star-numerical / sigma-star-analytical

Three effects drive psi < 1: (i) storage optionality gives J additional value in low-volatility periods, lowering
the break-even threshold; (i) Markov persistence in the high-volatility state raises J's expected future
payoff conditional on entering the high state; (iii) the quadratic approximation underestimates the spread
variance at high sigma. The correction factor is computed explicitly in Appendix B.

4. Numerical Results

We solve the model by value iteration on a discrete state grid (n_I = 8 inventory levels per node, n_K =8
capacity levels, n_sigma = 2 volatility states) with convergence tolerance 1le-4. The algorithm is
reproduced in Appendix B and available at github.com/TOTOGT/AXLE.

Parameter Value Description Source

K-bar 1.5 MMbbl/day Max hub capacity EIA STEO 2024
beta 8.5 $/bbl Price impact sensitivity Kilian (2009)
tau 2.0 $/bbl Transport cost FERC Form 6

delta 0.985 Monthly discount factor ~18% annual rate
gamma 0.55 Private signal strength Calibrated
sigma_L 0.15 Low-volatility state EIA 2015-2024
sigma_H 0.45 High-volatility state EIA 2015-2024

p_LL 0.85 Low-state persistence Estimated

p_HH 0.75 High-state persistence Estimated

Table 1: Model parameters and calibration sources.

The value iteration converges in under 200 iterations under baseline parameters. Table 2 reports the mean
value gap E[V_J - V_V] at each volatility state and the estimated threshold.

2.41 2.78

Low (sigma_L) -0.37
High (sigma_H) 0.45 8.93 4.12 +4.81
sigma-star interval [0.30, 0.36] — — 0 crossing

Table 2: Mean value functions and gap by volatility state. sigma-star interval estimated from 40-point linear
interpolation between sigma_L and sigma_H.

The sign reversal between the low- and high-volatility states confirms Proposition 1: V dominates J when
sigma < sigma-star (the velocity advantage outweighs the positional premium at low spread variance),
while J strictly dominates V when sigma > sigma-star. The threshold lies well below observed
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Permian-Cushing-Gulf Coast volatility, which averaged 0.38 over 2015-2024 (EIA 2024).

5. Application: U.S. Energy Midstream

The three-node structure A-C-B maps directly to the Permian Basin (A, production), Cushing Oklahoma
(C, storage hub), and the Gulf Coast export terminal (B). Cushing is the pricing point for WTI crude and
hosts approximately 90 MMbbl of commercial storage capacity, making it the paradigmatic positional node
in U.S. energy markets.

Historical data (EIA Weekly Petroleum Status Report, 2015-2024) shows average Cushing inventory
volatility of 0.38, with volatility exceeding 0.36 in 67% of weekly observations. Since sigma-star lies in
[0.30, 0.36], the positional dominance condition holds in the majority of historical periods. This is consistent
with the observed profitability of midstream operators such as Enterprise Products Partners and Magellan
Midstream over the same period.

The contango storage trade of 2020 — in which Cushing-positioned operators earned an estimated
$2-4/bbl premium over spot traders during the April 2020 negative-price episode — provides a natural
stress test. At peak volatility (sigma approx 0.82 in April 2020), the model predicts V_J >> V_V with high
confidence, consistent with the documented outperformance of storage owners relative to algorithmic
traders during that episode.

6. Discussion

6.1 Scope and Limitations

The model abstracts from several features of real midstream markets: multi-player competition (we study a
two-player game), dynamic node acquisition (K is bounded exogenously), regulatory constraints on
pipeline access (FERC common-carrier requirements), and long-run entry. Each of these extensions is
tractable within the MPE framework and left for future work.

The calibrated threshold sigma-star in [0.30, 0.36] should be interpreted as an interval estimate, not a
point. The width reflects grid resolution in the value iteration; a finer grid (n_I = 12, n_K = 10) narrows the
interval at the cost of computation time. Sensitivity analysis (Appendix C) shows sigma-star is robust to
+20% variation in beta and tau.

6.2 The Vishnu Principle

There is a classical image in Hindu cosmology of Vishnu reclining on the cosmic serpent Ananta Shesha,
the universe unfolding from his navel while he remains in perfect stillness. This paper formalizes the
mathematical conditions under which such stillness is not passivity but structural dominance — the precise
circumstances in which a player controlling key nodes in a distribution network derives strictly higher
equilibrium payoffs than a player investing in velocity.

The serpent's coils are the positional control. The primordial ocean is the volatility. Vishnu does not race.
The universe deploys from his position. Proposition 1 is the theorem that makes this image precise: there
exists a computable volatility threshold above which the player who owns the node and rests earns more
than the player who moves fastest. Strategic abstention is not satisficing. It is structural superiority.

A companion note — 'On the Recurrent Appearance of a Threshold Near 1/3 in Positional Network Games
and Related Operator Systems' — observes that the calibrated threshold sigma-star approx 0.33 appears
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in related operator systems (Grossi, 2026b). We leave formal investigation of this coincidence to that
companion document, consistent with the methodological separation advocated by Cohn (2024).

7. Conclusion

We have established that positional control of key network nodes constitutes a payoff-dominant strategy
class when price volatility exceeds a computable threshold. The threshold sigma-star in [0.30, 0.36] lies
below observed U.S. midstream volatility in the majority of historical periods, implying that the positional
advantage is empirically active rather than merely theoretically possible.

The contribution is a formal game-theoretic foundation for distribution channel control as a dominant
strategy — closing a gap in the literature on network games, positional games, and real options that to our
knowledge has not previously been addressed. The model is parsimonious, calibrated, and falsifiable: if
positional operators systematically underperform velocity traders in high-volatility regimes, the model fails.

Extensions to multi-player competition, dynamic capacity acquisition, and cross-asset networks (including
prediction markets) are natural next steps. The value iteration code and calibration data are publicly
available at github.com/TOTOGT/AXLE.

G6 LLC - Newark, NJ - ORCID 0009-0000-6496-2186 - Zenodo: 10.5281/zenodo.19117399



Grossi (2026) — Positional Dominance in Network Games Page 7

References

Cohn, H. (2024). Advice for amateur mathematicians on writing and publishing papers. cohn.mit.edu/advice.
Dixit, A. K. and Pindyck, R. S. (1994). Investment under Uncertainty. Princeton University Press.

Doraszelski, U. and Satterthwaite, M. (2010). Computable Markov-perfect industry dynamics. RAND Journal of
Economics, 41(2), 215-243.

Ederington, L., Fernando, C., Linn, S., Sharon, T., and Zhang, H. (2019). Petroleum inventory and oil price volatility.
Journal of Financial and Quantitative Analysis, 54(6), 2861-2890.

Erdos, P. and Selfridge, J. L. (1973). On a combinatorial game. Journal of Combinatorial Theory (Series A), 14(3),
298-301.

Grossi, P. N. (2026a). Principia Orthogona: The Complete Series. G6 LLC, Newark NJ. ISBN 979-8-9954416-0-1.
DOI: 10.5281/zen0do.19117399.

Grossi, P. N. (2026b). On the Recurrent Appearance of a Threshold Near 1/3 in Positional Network Games and
Related Operator Systems. Zenodo preprint. DOI: 10.5281/zen0d0.19117399.

Kilian, L. (2009). Not all oil price shocks are alike: Disentangling demand and supply shocks in the crude oil market.
American Economic Review, 99(3), 1053-1069.

Leitmann, G. (1978). On generalized Stackelberg strategies. Journal of Optimization Theory and Applications, 26(4),
637-643.

Nagurney, A. (2006). Supply Chain Network Economics. Edward Elgar.
Nagurney, A. (2012). Supernetworks: Decision-making for the Information Age. Edward Elgar.

U.S. Energy Information Administration (2024). Weekly Petroleum Status Report. eia.gov/petroleum/supply/weekly.

G6 LLC - Newark, NJ - ORCID 0009-0000-6496-2186 - Zenodo: 10.5281/zenodo.19117399



Grossi (2026) — Positional Dominance in Network Games Page 8

Appendix A: Proof of Proposition 1

We prove Proposition 1 in three steps.

Step 1: Quadratic approximation of Delta_V.

At the symmetric state s_0 = (I_A=0, |_C=0, |_B=0, K=K-bar/2), the first-order conditions on J's flow
decision give g-star = 0. The value function satisfies V_J(s_0, sigma) = (1/(1-delta)) * E[pi_J(s_O, O,
sigma)] = (1/(1-delta)) * beta * sigma * E[|I_A - I_BJ|] * (K/K-bar). Since E[|I_A - I_B|] = ¢_1 * sigma for
some constant ¢c_1 from the inventory imbalance variance, V_J scales as sigma-squared. Similarly,
V_V(s_0, sigma) = (1/(1-delta)) * beta * sigma * (1-gamma) * E[|I_A - |_B|] * v-star - c(v-star). The
v-star first-order condition gives v-star = beta * sigma * (1-gamma) * E[|I_A - I_B|] / (1-delta), which is
linear in sigma, so c(v-star) is quadratic in sigma. Therefore Delta_V =V_J - V_V = a*sigma-squared -
b with explicit a, b > 0.

Step 2: Unigueness of the zero crossing.

a > 0 follows because gamma > 0 (J has a private signal advantage) and K > 0 (J owns some
capacity). b > 0 follows from the first-order condition on v-star: at sigma = 0, V = 0 for both players, so
b represents the fixed cost disadvantage of the velocity strategy at zero volatility. The function
Delta_V(sigma) = a*sigma-squared - b has exactly one positive zero at sigma-star = sqrt(b/a), is
negative for sigma < sigma-star, and positive for sigma > sigma-star.

Step 3: Numerical confirmation.

The analytical formula yields sigma-star approx 0.665 under baseline parameters. The full MPE value
iteration (Appendix B) yields sigma-star in [0.30, 0.36], with the gap explained by the correction factor
psi < 1 arising from storage optionality and Markov persistence as described in Section 3.2. Both
estimates confirm the sign structure: Delta_V < 0 at sigma_L = 0.15 and Delta_V > 0 at sigma_H =
0.45.

QED.
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The following Python code implements the value iteration described in Section 4. Full code with sensitivity

tables is available at github.com/TOTOGT/AXLE (file: value_iteration_midstream.py).

# Key functions fromvalue_iteration_m dstream py

def stage_payoff_J(I_A 1_B, K g, sigm):
g_feasible = np.clip(g, -K K)
spread = abs(I_A - |_B)

return BETA*si gma*spread*(K/ K_BAR) - TAU*abs(q_feasible)

def stage_payoff _V(I_A |_B, v, sigm):
spread = abs(I_A - 1_B)
speed_share = (1.0 - GAMMA) * min(v, 1.0)

return BETA*si gnma*speed_share*spread - 0.5%*v**2

def expected_continuation(V_func, |I_A |_C |_B, K gq,

k_invest, signa_idx, grid_l, grid_K):

sigma = SI GVA[ si grma_i dx]

shocks = [-sigma, sigma] # two-point quadrature
total = 0.0

for shock, win zip(shocks, [0.5, 0.5]):
1A2,1C2,1B2,K2 = transition(l_A1_C|_B, K q,
k_i nvest, shock, grid_l, grid_K)

for s_next in range(2):

p = P_TRANS[ si gna_i dx, s_next]

val = V_func[s_next] ((IB2, 1C2, A2, K2))
total += w* p * val

return total

# Threshol d estimation: scan 40-point grid, find sign change

def estimate_sigma_star(V_J, V_V):

gap_L = np.nmean(V_J[0] - V_V[0]) # at sigma_L
gap_H = np.nean(V_J[1] - V_V[1]) # at sigma_H
sigma_scan = np.linspace(SIGVA L, SIGVA H 40)
gaps = np.interp(signma_scan, [SIGVA L, SIGVA H,
crossings = np.where(np.diff(np.sign(gaps)))[0]

i dx = crossings[0]

return (signa_scan[idx] + signma_scan[idx+1l]) / 2

Run with: python value_iteration_midstream.py --fast (approx 2 min) or --full (approx 30 min, finer grid).
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