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Abstract

We study natural gas storage valuation under a stochastic futures term structure using deep
reinforcement learning (DRL). The storage problem is formulated as a continuous-state, continuous-
action Markov Decision Process and solved using the Deep Deterministic Policy Gradient (DDPG)
algorithm with Prioritized Experience Replay (PER) buffer and a constraint-aware policy network.
We benchmark the approach against intrinsic and rolling intrinsic strategies and find that DRL
consistently outperforms intrinsic valuation and achieves competitive performance relative to rolling
intrinsic in markets with jumps and seasonality. The results show that DRL provides a practical
valuation framework that captures additional extrinsic value under realistic market dynamics and
operational constraints.

Keywords: Natural Gas Storage, Rolling Intrinsic Valuation, Deep Reinforcement Learning.

1 Introduction

Natural gas storage plays a key role in balancing seasonal fluctuations between supply and demand.
Prices tend to be lower in summer and higher in winter, creating intertemporal trading opportunities
by purchasing gas when prices are low and selling when prices are high, allowing operators to smooth
spreads, hedge exposure, and enhance profitability (Honoré 2011). Consequently, natural gas storage
valuation is a key problem in energy market arbitrage, hedging, and investment.

Commodity price models are typically based on mean-reverting processes with seasonality and jumps.
The foundational work of Gibson and E. S. Schwartz (1990) introduced spot price and convenience
yield, extended by multi-factor models in E. S. Schwartz (1997)) and long-term /short-term decomposition
in E. Schwartz and Smith (2000). Later developments incorporated stochastic volatility, jumps, and
calibration techniques (Yan [2002; Peters et al. [2013). These motivate viewing gas storage as a real
option, whose value arises from the flexibility to inject or withdraw gas under price uncertainty.

Classical valuation methods such as dynamic programming and Monte Carlo simulation can solve the
stochastic control problem of optimal gas storage operation in theory but suffer from the curse of
dimensionality (Thompson, Davison, and Rasmussen [2009; Felix 2012; Secomandi 2010; Lai, Margot,
and Secomandi 2010). This has motivated machine learning frameworks capable of learning optimal
policies from simulated or historical data (Bachouch et al.|2022; Curin et al. [2021]).

The basic industry practice relies on intrinsic valuation, which exploits static arbitrage by selecting
futures positions that maximize spread (Breslin et al. 2009; Felix [2012]). It serves as a conservative
benchmark (Loéhndorf and Wozabal [2021; De Jong [2015) but ignores price path flexibility. Rolling
intrinsic improves intrinsic valuation via periodic re-optimization (Breslin et al. [2009; Felix 2012|) and
guarantees non-decreasing value (Breslin et al. 2009) but may fail to identify intertemporal trade-offs
(Felix [2012)). Storage is also modeled as a basket of spread options (Breslin et al. 2009) based on swing-
option theory Jaillet, Ronn, and Tompaidis (2004}, providing quick approximations of extrinsic value
(Lohndorf and Wozabal 2021; De Jong [2015).
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Capturing full extrinsic value requires solving a stochastic control problem Geman (2005). Early
approaches applied finite-difference methods and trees Felix (2012)). Least-Squares Monte Carlo
(LSMC) Longstaff and E. S. Schwartz (2001) was adapted by Boogert and De Jong (2006)) and Jaillet,
Ronn, and Tompaidis (2004) and refined in Warin (2012) and Malyscheff and Trafalis (2017).
Approximate dynamic programming was introduced by Secomandi (2010), with improved performance
when embedded in simulation (Lai, Margot, and Secomandi 2010). Further studies include Thompson,
Davison, and Rasmussen (2009), Carmona and Ludkovski (2010), and Bjerksund, Stensland, and
Vagstad (2011]).

Reinforcement learning (RL) offers an alternative for high-dimensional control. Deep RL algorithms
are increasingly applied in finance (Fischer 2018) and energy (Giannelos 2025)), while battery storage
studies show RL can learn arbitrage without specifying price models Sage, Campbell, and Y. F. Zhao
(2024). In gas storage, Curin et al. (2021) introduce deep hedging—inspired models (Buehler et al.|2019),
Bachouch et al. (2022) develop neural stochastic control, and Daluiso et al. (2020)) apply DRL to swing
options. Market-level modeling is explored by Bacaloni, Glielmo, and Taboga (2025), whereas this paper
treats the operator as a price taker under an exogenous term structure. Beyond gas, DRL is applied in
microgrids Jung et al. (2025) and compressor optimization X. Zhao et al. (2025).

This paper proposes a deep reinforcement learning (DRL) framework for gas storage valuation using
a four-factor jump—diffusion model with seasonality following Yan (2002). The problem is formulated
as a continuous-state, continuous-action Markov decision process and solved via a Deep Deterministic
Policy Gradient (DDPG) algorithm with Prioritized Experience Replay (PER) and a constraint-aware
autoregressive policy network.

Our contributions are: (1) a constraint-aware DRL framework enforcing feasibility without penalization
methods, and (2) benchmarking against intrinsic and rolling intrinsic strategies under realistic futures
dynamics.

2 Natural Gas Term-Structure Dynamics

We employ the four-factor Yan model (ibid.) with added seasonality factors under the risk-neutral
measure.

1) The spot price S; follows the jump-diffusion SDE
dSt = (T't - 5t - )\/U,J)St dt + O'SSt dW1 + \/’thSt dWQ + JSt dq, (1)

where r; is the instantaneous risk-free rate, d; the convenience yield, A the jump intensity, 1 ; the average
jump size, o5 the base volatility, v; the stochastic variance, W7, W5 Brownian motions, and dq a Poisson
process with

P(dq = 1) = Adt, (2)
and jump size
In(1+J) ~ N(In(1 + py) — 307, 03) . (3)
2) The short rate r; follows a CIR process:
dry = (0r — Kpry) dt + op/Te AW, (4)

3) The convenience yield §; follows an OU process:
déy = (05 — l€55t) dt + o5dWs, (5)

with correlation
AWsdW, = py dt. (6)

4) The variance v; follows a jump-diffusion square-root process:
dve = (0, — Kypvt) dt + oy /ve AW, + Jydg, (7)

where J, ~ Exponential(f) and
AW dWo = po dt. (8)



Under the risk-neutral measure, futures prices F'(t,7) with maturity 7 are

F(t,7) = exp[In(Sy) + fi + Bo(7) + Br(7)rs + Bs(7)0¢] (9)

where f; is a deterministic seasonality component and

& =V K2+ 202, (10)

2(1 —e~&T)
Br(T) = , 11
S T [ D
—(1 — e~rsT
o) = L=, (12
Ks
and the drift term By (7) is equal to
97" r = e ]- —e 5T
2 0
+ Uéplﬁé,r B (0505p12 + 5) (1 N 6—%57’) (13)
R§ Rs
40?67"5" — 0?;6’2’”"5" 0s0sp1 + 05 B %
43 2K3 4K}

This closed-form expression allows direct calibration to market futures curves and efficient simulation.
The model parameters are estimated from observed futures prices. Let F(0,7;0) denote the model
futures price at t = 0 with maturity 7 and parameter vector

0= [SO7§O7TOaUSaUT79T7 K;Ta05)9575357)‘7“J)0‘J7p1ap27ft]' (14)

For observed futures prices F'*(0,7) and maturities {7;}}_;, calibration solves
6 :argm@inZ[F(O,Tj;@) —F*(O,Tj)f. (15)
j=1

This nonlinear least-squares problem is typically solved by the Levenberg-Marquardt algorithm. Figure[l]
illustrates the calibrated fit to TTF futures as of 31/12/2020.

3 Intrinsic and Rolling Intrinsic Valuation Methods

Natural gas storage valuation arises from solving an optimal control problem under uncertainty: at each
point in time, the operator decides whether to inject gas (incurring a cost) or withdraw it (realizing
profit), subject to physical and market constraints. We focus on two valuation techniques: intrinsic
valuation, and rolling intrinsic valuation.

3.1 Intrinsic Valuation

Let F = [Fy,..., F,]" be the vector of monthly futures prices and X = [X7,..., X,,]" € R" the vector of
actions, with X; > 0 (injection) and X; < 0 (withdrawal). The intrinsic valuation problem chooses

X = “F'X) = in(F'X 1
arg m)%x( ) = arg m)én( ), (16)

subject to storage constraints (injection/withdrawal limits, final balance, and storage bounds):

AX<b, AX=b, 1<X<u, (17)

where
u = Imax]-n; 1= _Wmax]-n; Ae = ]-;Lra be - _Vba (18>
and

Sl AT A £ <19>
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Figure 1: TTF futures term structure vs. Yan model fit — 31/12/2020

with L,, the n x n lower triangular matrix of ones. These constraints ensure

Vinin < Vo + Xk < Viax, t=1,...,n. (20)
k=1

We assume monthly futures n = 12, constant bounds Vijax, Vinin, initial level V;, = 0, final level V,, = 0,
and fixed rates Inax, Wax-

3.2 Rolling Intrinsic Valuation (RIV)

The RIV improves upon intrinsic valuation by introducing price uncertainty and re-optimization. Instead
of relying only on today’s futures curve, RIV re-evaluates the intrinsic strategy over simulated futures
term structures as they evolve over time. The RIV method proceeds through the following steps:

1. Simulate futures term structures. Simulate N independent scenarios. Each simulation j yields
FY) = [FY),. . F9), t=0,....T

with ng ) shrinking as contracts expire.

2. Initial intrinsic valuation. At ¢t = 0 = 7, for each j solve
N . T
X(Tf)) = argmin FS{)) X
subject to the intrinsic constraints (with Vg). The intrinsic value is
() _ TG
‘/177-0 - _FS%) XS%)

3. Rolling re-optimization. For decision times 7q,...,7, and each j:

(a) Futures cash-flow:
CR), = (09 ¥, ) XY

Ti—1 Ti—1"



(b) Updated intrinsic solution: solve again

XY = arg m}én F(Tf) - X

Ti

with the same constraints but with current storage level VT(l.j ) replacing Vj. Set

v = _F0)TXO).
(¢) Spot cash-flow:
Or), — RO, — 9K,
(d) Total cash-flow:
CFY = CFY) +CFY) .

4. Value per simulation.

RIVY) =3 "CFY.

i=1
5. Expected value.
N
1 ,
- (4)
RIV = N EIRIV] .
=

4 Deep Reinforcement Learning (DRL) Method

Deep Reinforcement Learning (DRL) refers to a class of methods that integrate reinforcement learning
with deep neural networks to approximate key components of the learning process. Depending on
the algorithm, DRL may approximate value functions, policies, or both, enabling scalability to high-
dimensional or continuous state and action spaces where traditional tabular methods are computationally
infeasible.

A common approach in DRL is to approximate the action-value function Q™ (s, a) using a parameterized
neural network Q(s,a; ¢), where ¢ € R™ represents the trainable parameters:

Q"(s,a) = Q(s, a; ).

The parameters ¢ are typically optimized by minimizing the Temporal Difference (TD) error over
observed transitions,

£0) = By | (Qovai6) = (7 max (s a's0%9)) ) (21)

where ¢3¢ denotes the parameters of a target network used to stabilize training. Alternatively, policy
gradient methods directly parameterize the policy mg(a|s) and optimize the expected return using
gradient ascent. This approach follows from the stochastic policy gradient theorem (Sutton et al. [1999))
and is especially effective in environments with continuous or high-dimensional action spaces, such as
natural gas storage valuation. Finally, the actor-critic methods combine both approaches: an actor,
representing the policy mg(a | s) or deterministic mapping ug(s); and a critic, which estimates a value
function. The critic is trained using TD learning, and its estimates are used to guide the policy updates
of the actor.

In this study, we adopt an actor—critic framework for natural gas storage valuation, specifically the Deep
Deterministic Policy Gradient (DDPG) algorithm proposed by Lillicrap et al. (2015), which builds on
the Deterministic Policy Gradient theorem developed by Silver et al. (2014)). DDPG is well-suited for
continuous control tasks due to its ability to learn deterministic policies in high-dimensional, continuous
action spaces. It employs an actor network pg(s) to represent the deterministic policy, and a critic
network Q, (s, a) to approximate the action-value function, with the critic updated via temporal difference
learning and the actor updated via the deterministic policy gradient.



1: Input: initialize policy parameters # and Q-function parameters ¢, empty replay buffer D
2: Set target parameters: Oarg < 6, drarg < @
3: repeat

4: Reset the environment and observe initial state s
5: for each step in episode do
6: Select action a = clip(pg(s) + €, aLow, aHigh), € ~ N
7 Execute a, observe next state s’, reward r, and terminal flag d
8: Store (s, a,r,s’,d) in D
9: if d then
10: break
11: end if
12: s s
13: if |D]| is sufficiently large then
14: Sample batch {(s¥,a® ) '@ g B
15: Compute targets:
5 =10 431 = )@ (5" b (D))
16: Update critic by minimizing:
B

1 ) ) )

- (@) )y, (i))2

52 Q) =)

i=1
17: Update actor via gradient ascent:
1 & ; ;
VeE Z Q¢ (Smy #9(5(1)))
i=1
18: Update targets:
Otarg < pOarg + (1 — p)9, Prarg < Pbrarg + (1 — p)o

19: end if

20: end for
21: until convergence

Table 1: Deep Deterministic Policy Gradient (DDPG) Algorithm

Table (1] outlines the DDPG algorithm, where the Q-network parameters ¢ are updated via gradient
descent and the policy parameters 6 via gradient ascent. The parameter updates can be carried out
using various optimization methods. A widely used method is the Adam optimizer introduced by Kingma
(2014)), which combines the benefits of momentum (Polyak|1964) and RMSProp (Hinton [2012)), providing
adaptive learning rates and faster convergence, and making it a popular choice for deep reinforcement
learning. In our implementation of DDPG, we replace the standard uniform experience replay buffer
with Prioritized Experience Replay (PER) for training the critic network. PER, introduced by Schaul
(2015)), prioritizes transitions based on their temporal-difference (TD) error, replaying more important
experiences more frequently. In standard experience replay, transitions (s, a,r, s’) are sampled uniformly
from the replay buffer D, whereas PER assigns higher sampling probabilities to transitions with higher
TD error. For a transition (s;,a;,7;,}), the TD error in DDPG is

6] — ’7«] _|_ ry Q(s;) /J/Qtarg (S;), ¢targ) - Q(Sj7 a’]’ ¢)

and importance sampling weights are applied to correct the bias introduced by prioritized sampling
during training. For further technical details, see Schaul (ibid.)).

; (22)

5 DRL for Natural Gas Storage Valuation: Model Setup

This section applies the DRL framework to natural gas storage valuation. We define the state and action
spaces, the reward function, and the training setup used in the experiments.

5.1 State and Action Spaces
The state space s € S C R comprises the following components:
s — (t,Ft(l), . F1, v;) , (23)

where t € {0,...,12}, Ft(k) are futures prices generated from the Yan model using @, and
Vi € [Vinin, Vinax] 18 the inventory level. Expired contracts are set to zero: Ft(k) =0 for k£ < t.



Hyperparameters are listed in and Figure [2] illustrates a sample simulated term

structure.
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Figure 2: Simulated futures term structure for a single Monte Carlo path (front side)

Group Parameter Value
Storage months n 12
Vo, Vr 0.0, 0.0
Vinins Vinax 0.0, 1.0
Imax,; Wnax 0.4, 04
Short rate r; 0, 0.000588
Ky 0.492828
oy 0.655899
ro 0.159586
Convenience 6§ Os —0.213184
Ks 1.177232
o5 1.036639
do 0.106417
Stochastic variance vy 0, 0.050569
Ko 2.363092
Oy 0.825941
Vg 0.024997
Spot factor os 0.791066
So 19.065873
Jumps A 0.638842
175} 0.013715
oy 0.032046
0 0.006407
Correlations p1 = Corr(dWy, dWs) 0.899944
p2 = Corr(dWa, dW,) —0.306811
Seasonality factors f1, fay ooy f12 (see |Table 3|)

Table 2: Environment hyperparameters used in simulation



Month (k) Seasonality factor (fx)

—0.106616825
—0.152361004
—0.167724706
—0.167979840
—0.159526180
—0.139279435
—0.095340299
—0.047464680
—0.027862228

0.000000000
—0.008502635
—0.040963872

— =
NS ©o~No ok W~

Table 3: Monthly seasonality factors

The action a € A C R'? corresponds to a vector of injection or withdrawal decisions for each of the 12
remaining months:
a=X,=(x",... x"), (24)

where 4
XV €0, ey X € [~Winas )y i = 2,011, X € [~ Wina, 0]. (25)

Each component Xt(l) reflects the flow in month ¢. The terminal balance constraint and cumulative
storage bounds are not imposed directly at the action-space level, but are handled separately. Common
approaches for handling these constraints include incorporating penalty terms into the reward function
or projecting actions onto the feasible region through an optimization layer. However, penalty-based
methods require careful tuning and often fail to produce feasible trajectories, while projection layers
introduce substantial computational overhead.

To address these limitations, we enforce feasibility directly within the policy architecture using a
constraint-aware parameterization. The policy network generates actions sequentially, conditioning
each decision on the current state and the running inventory. This autoregressive (AR) design enforces
all operational constraints by construction, remains end-to-end differentiable, and avoids both penalty
tuning and computationally expensive projections.

The reward at each decision time ¢ is defined as:

{(Ft_Ftl)TXt17 t= 17"'7117
ry =

26
(Fe —Feq1) X1 — Fy' Xg, t=12. (26)

The spot settlement is embedded since expired contracts transition to zero. This is mathematically
equivalent to the rolling intrinsic cash-flow decomposition.

5.2 Architecture and Training

We use an actor—critic DDPG agent. Aside from the actor’s autoregressive output layer, both networks
are multilayer perceptrons (MLP) with four hidden layers (512,512,256, 128), LeakyReLU activations,
and layer normalization. The critic concatenates the action at the first hidden layer and outputs a scalar
Q-value. Optimization uses Adam (Kingma 2014) with learning rates a; = 3 x 107%, ay = 5 x 107% and
gradient clipping at 1. Target networks are updated via Polyak averaging (7 = 0.0005). A prioritized
experience replay buffer (2x 107 capacity, batch size 256; a = 0.6, 8y = 0.1 with annealing) is used.

Training begins after a warm-up phase of 200 batches, after which the algorithm alternates between
critic updates, actor updates, and target network updates at each step. Exploration noise decays from
0.2 to 0.01 over 90% of 20,000 episodes per seed (five seeds). Evaluation is conducted without exploration
noise. Hyperparameters are summarized in Table



Component Setting

Actor 4-layer MLP with hidden sizes (512,512,256, 128); LayerNorm; LeakyReLU; i-th
head conditions on C;_; and squashes into [¢;, u;].

Critic 4-layer MLP with hidden sizes (512,512,256,128); LayerNorm on input;
LeakyReLU.

Optimizers Adam; actor LR a; = 3 x 1072, critic LR Qg =9 X 10~*; gradient-norm clip = 1.

Targets & discount Polyak averaging with 7 = 0.005; target updated every step; v = 0.99.

Replay (PER) Capacity 2 x 10%; batch size 256; priority a = 0.6; bias-correction By = 0.1 with
annealing (8 rate = 0.99992).

Warm-up Nyarm = 200 batches (51,200 samples).

Exploration Gaussian action noise; ratio decays 0.20 —~ 0.01; last 10% episodes noise-free.

Episodes 20,000 per seed; across 5 seeds.

Evaluation Greedy actor; NV = 100 price paths; monthly decisions; one-year horizon.

Implementation Last action clamp [envmin|[—1], env_max[—1]] with env_max[—1] = 0.

Table 4: DRL agent hyperparameters and training protocol.

6 Empirical Results

Table [5| reports the summary statistics of simulated futures prices (mean €17.28; range €2.02—€68.84).
Price dispersion increases with maturity since longer-dated contracts are observed over longer horizons
and thus exhibit greater realized variability. Figure [3| shows the moving-average return during training

Maturity Mean Price Price Dispersion Min Price Max Price

M1 17.4262 2.6543 8.5299 29.2576
M2 16.4007 3.3063 7.3494 34.2528
M3 16.1047 3.6677 6.5271 38.5644
M4 15.9885 3.9307 5.0748 39.4628
M5 16.0067 4.1391 5.0999 49.1304
M6 16.2235 4.4687 4.2344 47.4047
Mr 16.8290 4.9752 4.6584 55.7409
M8 17.5590 5.4007 4.5678 68.8405
M9 17.8656 5.6278 2.4381 63.8866
M10 18.2767 5.9182 2.0196 64.3367
M11 18.0205 5.8657 2.2569 58.9753
M12 17.3435 5.7266 2.4285 62.5863
Overall 17.2813 5.3071 2.0196 68.8405

Table 5: Summary statistics of simulated natural gas futures price levels by maturity (in euros)

and evaluation across different seeds. A sharp performance increase occurs at approximately episode
5,000, coinciding with the end of the replay-buffer warm-up phase and the onset of learning.
Thereafter, both curves stabilize and fluctuate within a bounded range. Evaluation performance
remains consistently above training performance due to the absence of exploration noise during
evaluation. While strict convergence cannot be asserted from reward curves alone, the sustained
plateau and bounded variability indicate that the learning dynamics reach a stable regime with no
evidence of training collapse or performance degradation. The rapid improvement following the
warm-up phase further suggests efficient utilization of prioritized experience replay and the
autoregressive constraint-aware policy structure.
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Figure 3: Moving-average episode returns during training (top) and evaluation (bottom).

After training, the learned policy is evaluated on out-of-sample scenarios by simulating independent
one-year price paths under the Yan model. For each path, we compare:

1. the realized P&L generated by the trained DRL policy, and
2. the rolling intrinsic (RI) benchmark computed via repeated linear programming.

Figure [ reports the pathwise realized P&L distributions for the DRL policy and the rolling intrinsic
benchmark. The DRL agent achieves a higher average realized value across simulated paths than both
the intrinsic and rolling intrinsic strategies. While rolling intrinsic responds to changes in the forward
curve through repeated re-optimization, it does not condition decisions on the full simulated state in
a forward-looking manner. In contrast, the DRL policy directly optimizes cumulative returns through
interaction with the stochastic environment.
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Figure 4: DRL policy value versus intrinsic and rolling intrinsic values.
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Table [] reports average performance across simulations. The DRL policy achieves a mean value of 3.9,
compared with 3.4 for rolling intrinsic and 2.1 for intrinsic, representing improvements of approximately
86% and 15%, respectively. Although outcome variability is higher, this reflects optimization for expected
return rather than variance and indicates effective exploitation of payoff convexity under jumps and
stochastic volatility. Overall, DRL emerges as a competitive alternative to heuristic strategies in highly
stochastic settings.

Method Intrinsic Value RI Value DRL Value
Average Result (Standard Error) 2.1 (0.0) 3.4 (0.1) 3.9 (0.2)

Table 6: Average Performance Comparison

7 Conclusion

This paper presents a deep reinforcement learning (DRL) framework for valuing natural gas storage
under a multi-factor stochastic futures model. By formulating the problem as a continuous-state,
continuous-action MDP and applying DDPG with prioritized replay and a constraint-aware
autoregressive policy, the proposed approach learns feasible and profit-maximizing strategies directly
from simulated markets.

Empirically, the DRL policy outperforms intrinsic and rolling intrinsic benchmarks on average, while
exhibiting higher dispersion consistent with an objective that prioritizes expected return over variance.
In contrast to intrinsic lower bounds and limited re-optimization under rolling intrinsic, the DRL policy
exploits both intertemporal flexibility and the evolving term structure, supporting reinforcement learning
as a viable alternative to traditional valuation methods.
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