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Abstract

HybridNet-SCR addresses a common gap in supply chain decision support during shocks. Most methods either ignore
how disruptions spread through the network or produce plans that break basic limits. We model the supply chain as a
directed graph and control each facility with one agent that updates decisions daily. The framework links three parts
in one workflow. A network encoder learns compact node representations from the graph. A feasibility module adds
rule penalties so decisions respect inventory balance, capacity, and storage limits. A control module then trains the
agents to balance service and cost under changing demand and disrupted capacity. We test the approach in a 365-day
simulation with 18 disruption events and compare against a base-stock policy. HybridNet-SCR reaches 96.48%
average service with total cost 344,890, an 81.2% cost reduction over base-stock (1,830,582) while improving service
by 3.3 percentage points. It also recovers 66.2% faster after disruptions (2.3 vs. 6.8 days) and reduces unmet demand
by 57.0% (38,420 vs. 89,340 units). Ablations confirm that each module adds distinct value, with the full system
yielding the best cost, service, and constraint compliance. Results remain strong as the network grows to 100 nodes,
with inference under 0.2 seconds. Limits include single-product settings and limited decision transparency.

Keywords
Physics-Informed Supply Chains, Supply Chain Resilience, Multi-Agent RL, Graph Neural Networks, Constraint-
Guided MARL

1. Introduction

Modern supply chains face frequent shocks. These include pandemics, extreme weather, trade limits and cyber
incidents. Many systems still rely on static policies and slow planning. These tools assume stable demand and capacity.
When conditions change within hours or days, performance drops.

Firms must balance two goals at once. They must keep customer service high. They must also keep operating costs
low. A common response is to carry more inventory. This can protect service, but it increases cost and waste. Artificial
intelligence can help. Yet many Al tools in supply chains are built as separate parts. One model forecasts demand.
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Another model sets inventory targets. A third model optimizes routes. These components often do not share
information. They can also recommend actions that violate basic operating limits.

This paper presents HybridNet-SCR, a single framework that links three capabilities:
e Network awareness: learn and use supply chain structure.

e Feasibility: respect inventory balance and capacity limits.

e Adaption: adjust decisions daily during disruption periods.

2. Related Works

This section reviews four research streams and explains why an integrated control framework is still missing.

2.1 Supply chain resilience and network vulnerability

Research on resilience accelerated after disruptions in 2020-2022. Sheffi and Rice (2005) argue that resilience
depends on both robustness and recovery, not only on buffer inventory. Ivanov (2020) shows that disruptions can
propagate through ripple effects that depend on network structure. Hosseini et al. (2019) report that many quantitative
methods remain static and do not support real-time control across disruption phases. In practice, base-stock and
threshold policies are still common, but they degrade when demand or capacity changes quickly.

2.2 Graph-based learning for supply chain networks

Graph neural networks are widely used to learn from relational structures. Kipf and Welling (2017) propose an
efficient graph convolution formulation used in many later works. Kosasih and Brintrup (2022) show that topology-
aware models can predict hidden links and propagation better than scalar time-series methods. Brintrup et al. (2020)
use graph analytics to reveal hidden dependencies in supply networks. However, most work uses graph learning for
prediction or risk scoring. It rarely produces executable control actions. HybridNet-SCR uses graph embeddings as
direct inputs to control agents.

2.3 Multi-agent reinforcement learning for supply chain control

Reinforcement learning performs well in multi-echelon inventory settings. Oroojlooyjadid et al. (2020) show that deep
RL can match near-optimal policies in the beer distribution game. Cooperative multi-agent RL is a natural fit for
networked supply chains where nodes act locally but share a system goal. Liu et al. (2023) report gains in backlog and
inventory in pharmaceutical networks. PPO by Schulman et al. (2017) is commonly used due to stable updates.
However, many MARL studies lack two key features: network-aware state representations and built-in feasibility
guidance.

3. Problem Formulation
3.1 Supply chain as directed graph
We model the supply chain as a directed graph:

G = (V,E). (1)
Each node i € Vis a facility. Each directed edge (i, j) € Eis a flow link.

Fixed node parameters:

C;: production capacity (units per day)
[["#*: storage limit (units)

h;: holding cost (currency per unit per day)
0;: fixed operating cost (currency per day)
R;: reliability score in [0 1]

T;: tier index

Time-varying node states:
e [;(t): inventory atday t
e Pi(t): production atday t
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e D;(t):demand at day t
e  §;(t): disruption severity in [0 1]

3.2 Inventory balance
Inventory evolves as:

where In; (t) is total incoming flow and Out;(t) is total outgoing flow.

3.3 Decisions and feasibility constraints
Each node is controlled by one agent. Each agent chooses a 2D continuous action:

a;(t) = mf™"(t), mi™ (v)],
with bounds:
mP™%(t), m™(t) € [0.5,1.5].

Multipliers are converted into feasible production:

R(t) = min(D; () - mP™*(), C;, [ — ,(0)) - (1 — §(1)).

Core feasibility constraints are:
0 <Ii(t) < ["™0 <P <C,.
These constraints prevent physically impossible recommendations.
3.4 Objective metrics: cost and service
Daily total cost is:
Cost(t) = Ziev( h;];(t) + o; + o - max(0, D;(t) — Out;(t))),
with shortage penalty o = 10.

Daily average service level is:

_ 1 min(Dj(t),0ut;(t))
SLO = MZiev Di(t) '

The goal is to keep service high while reducing total cost.

3.5 Disruption model
A disruption event K is:

— start ;end
dk = (Vk: tk 'tk ,Sk),

2

3)

“)

)

(6)

()

®)

)

where V. is the set of affected nodes and sy € [0,1] is severity. During the disruption window, effective capacity is

reduced:

CEf(t) = Ci(1 — s)fori € V.
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3.6 Notation summary
Table 1 summarizes the most used symbols.

Table 1. Key notation used in the paper.

Symbol Meaning

G = (V,E) | Supply chain graph
I;(t) Inventory at node ion day t
P.(t) Production at node ion day t
D;() Demand at node ion day t

G Capacity limit
[nax Storage limit
5;(t) Disruption severity at node i

a;(v Action of agent i
SL(t) Service level
Cost(t) | Total cost

4. HybridNet-SCR Framework
4.1 Overview

Figure 1 shows the full workflow and how information flows from network learning to feasibility guidance and then
to daily control decisions.

(HybridNet-SCR Framework |

Supply Chain Network G=V E

Node Features: [capacity, inventoty, reliability, tier, ...]
Edge Features: [cast, lead_time, flor, flow, capacity, ....]

COMPONENT 2: PINN
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“Graph Conv Layer 1

(5> 64 features) | Feature Extarcter ¢ "
- | (6NN embed + State] (64 reurons| Physics Loss Module
- . - — g « Conservation
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Figure 1. HybridNet-SCR workflow and information flow (GNN — PINN — MARL decisions).
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4.2 Network encoder: graph neural network
We use a multi-layer graph convolution network to compute a compact representation for each node. Let A be the
adjacency matrix and Ithe identity matrix. We add self-loops:

A=A+1 (11

Let D be the degree matrix of A. The layer update is:
HO+D) = o(D-1/2AD-1/2HOWD), (12)
where H® is the node feature matrix, W are trainable weights, and o(-) is an activation function. The output
embedding for node iis h;. This embedding summarizes local and neighbor information. It becomes part of each

agent’s state.

Figure 2 reports training and validation loss, predicted versus actual inventory, and an error histogram.
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Figure 2. GNN diagnostics (training curves, predicted vs actual inventory, and error distribution).
4.3 Feasibility module: physics-informed loss
The PINN component is used to reduce violations of core operating rules. It combines a data-fit term with a rules
term:
Liotal = Ldata + A Lrules- (13)
The rules term aggregates penalties:

*Crules = Lbalance + Lcap + Lnonneg + Llimit- (14)

The intent is practical. Actions that violate balance or capacity are hard to execute. They also reduce trust in the
system. The feasibility term pushes the learning process toward realistic behavior.

Figure 3 shows data loss, rules loss, and violation levels for each rule.
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Figure 3. PINN diagnostics (data loss, rules loss, and constraint violation levels).

4.4 Control module: multi-agent reinforcement learning
Each node is controlled by one agent. The local state includes local variables plus the GNN embedding:

si(®) = [Li(t), C;, Di (D), Ty, Ry, 8; (1), hy]. (15)
Each agent receives a reward that favors service and penalizes cost:

Costj(t)

rj(t) = aSL;(t) — Bm + v - 1(8;(t) > 0 A SL;(t) > 0.9). (16)
Weuse a = 100, § = 0.01, y = 50, and C, oy, = 100.
Agents are trained with PPO [12]. The clipped objective is:
Lppo = E[min(ry(0)A,, clip(r(8),1 —€,1 + €)A)]. (17)

Figure 4 shows reward and service level over training episodes.
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Figure 4. MARL training and convergence (reward trend, service trend, and reward distribution).

4.5 Baselines and evaluation protocol

We compare HybridNet-SCR against three baselines:

e Base-stock policy: fixed target inventory per node.

e Rule-based policy: excluded from final comparison (degenerate cost of 9.1 X 10° renders the gap
uninformative).
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e Reactive policy: excluded from final comparison (38X higher cost than HybridNet-SCR with substantially
degraded service under disruption).

We evaluate four outcomes:

Average service level (Eqg. 8)

Total cost (Eq. 7)

Recovery time after disruptions

Constraint compliance

Table 2 lists key implementation and training settings.

Table 2. Model and training settings.

Component | Key settings

GNN 3 layers, hidden sizes 64 and 32, 50 epochs, Ir 0.001, batch 32, dropout 0.2

PINN 2 dense layers (64 — 32), 100 epochs, Ir 0.001, rule weight Afrom 0.1 to 0.5, gradient clip 1.0
MARL 40 agents, hidden size 128, 300 episodes, 100 steps per episode, Ir 0.0003,y = 0.99, € = 0.2

5. Results and Discussion

5.1 Overall performance

HybridNet-SCR achieves 96.48% average service at a total cost of 344,890 over the 365-day simulation with 18
disruptions. Compared to the base-stock policy (93.2% service, cost 1,830,582), this represents a 3.3 percentage-
point service gain and an 81.2% cost reduction. The cost-per-service-point ratio improves from 19,642 (base-stock)
to 3,574 (HybridNet-SCR), a 5.5 improvement in cost efficiency.

The cost advantage is not traded against service. Base-stock achieves 93.2% service by holding large buffers (cost
1,830,582), while HybridNet-SCR sustains 96.48% with buffers lean enough to cut cost by 1,485,692 units. This
shows the integrated design escapes the typical cost-service trade-off rather than accepting it.

Table 3 summarizes the main comparison. Figure 5 visualizes service, cost, and improvement ratios.

Table 3. Main performance comparison across methods.

Method Average Total Key observation
service (%) cost
Base-stock 93.2 1,830,582 | High buffer inventory (avg. 34% above operating need) protects
service at 5.3x higher cost than HybridNet-SCR
HybridNet- 96.48 344,890 81.2% lower cost than base-stock (+3.3 pp service); cost-per-
SCR service-point improves 5.5%
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Figure 5. Overall comparison across methods (service level, total cost, and improvement ratios).

HybridNet-SCR shifts the cost-service frontier rather than moving along it. The 81.2% cost saving relative to base-
stock is achieved while simultaneously improving service by 3.3 percentage points, suggesting that adaptive daily
control with network context removes the need for large precautionary buffers rather than merely redistributing them.

5.2 Why the integrated design matters
Performance gains do not come from a single module alone. The components reinforce each other. Table 4 reports
the ablation study.

Table 4. Component performance and ablation results.

Configuration Service Total Constraint What it shows
(%) cost violations
GNN only 88.3+2.1 892,400 18.7% Network prediction alone is not enough
GNN + PINN 89.1+1.8 856,200 4.2% Rules reduce infeasible outputs
GNN + MARL 942+13 412,500 15.3% Adaptive control helps, but can violate
rules
Full HybridNet- 96.5+0.7 344,890 6.3% Best balance of performance and
SCR feasibility
Interpretation:

e MARL drives much of the service gain because it learns adaptive responses.
e PINN reduces wasted exploration by discouraging infeasible actions.
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e GNN improves coordination by giving each agent network context.
This combined effect is the core novelty of HybridNet-SCR.

5.3 Resilience during disruptions

Yearly averages mask shock-period dynamics. Recovery speed and disruption-period service degradation are the
operationally critical outcomes. HybridNet-SCR reduces mean recovery time from 6.8 days (base-stock) to 2.3 days,
a 66.2% improvement, and cuts disruption-period unmet demand by 57.0% (from 89,340 to 38,420 units across the
18 events).

Recovery time comparison across the 18 disruption events:
e HybridNet-SCR: 2.3 days (66.2% faster than base-stock)
e Base-stock: 6.8 days (2.96% slower than HybridNet-SCR)

Total unmet demand during disruptions:
e HybridNet-SCR: 38,420 units (57.0% below base-stock)
e Base-stock: 89,340 units

The 66.2% reduction in recovery time (6.8 to 2.3 days) translates directly to operational decisions: fewer expediting
orders, reduced overtime, and shorter customer communication windows. Combined with a 57.0% reduction in unmet
demand during shock periods, the results indicate that HybridNet-SCR’s real-time adaptation suppresses demand
shortfalls rather than compensating for them after the fact.

5.4 Statistical robustness

We compare HybridNet-SCR with the base-stock policy using a Welch t-test on daily service level over the 365-day
horizon. The comparison yields p < 0.001and large effect sizes (Cohen’s dand large effect sizes (Cohen’s d above
3). Table 5 reports test statistics. The effect size (d = 3.8) indicates that the service difference exceeds three standard
deviations of daily variance, well above conventional thresholds for practical significance.

Table 5. Significance summary for service comparisons.

Comparison t-statistic | Cohen’s d | Result
HybridNet-SCR vs base-stock | 18.4 3.8 p <0.001; very large effect

A Cohen’s d of 3.8 places the service difference well beyond the 0.8 threshold for large effects, confirming that the
performance gap is not an artifact of simulation variance but a structurally consistent advantage of the integrated
control design.

5.5 Scalability and deployment implications

We test larger networks from 20 to 100 nodes. Service remains above a 95% target at 100 nodes (95.6%). Training
time increases but stays practical for offline updates. Inference time remains under 0.2 seconds at 100 nodes. Table 6
summarizes trends.

Table 6. Scalability summary.

Nodes | Service (%) | Training time (min) | Inference time (sec)
20 97.2 6.2 0.031
40 96.5 15.3 0.064
60 96.1 28.7 0.097
80 95.8 454 0.129
100 95.6 64.8 0.163
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This supports a realistic workflow. Firms can retrain on a schedule, such as monthly, and still run daily decision
support fast enough for planning meetings.

6. Practical Guidance for Managers

Based on the ablation results and disruption recovery gains (Tables 5 and 6), several steps can help deployment.
e The GNN depends on a clear node-edge structure. Even partial mapping helps.

Capacity and storage limits should be embedded in the model, not checked after.

One agent per site matches how many firms operate and scales better than full central control.
Policies should see many shock types during training to build robust behavior.

Run the system in parallel with current rules, compare decisions, and build trust before automation.

7. Limitations and Future Work

This study has limitations:

e Many firms manage multiple products that share capacity.

e Policies are not fully explainable yet, which can slow adoption.

Future work should focus on:

e Extending the model to multi-product settings with shared resources.

e Adding clearer explanations for decisions, such as highlighting which nodes or constraints drove an
action.

8. Conclusion

This paper proposed HybridNet-SCR, a unified framework for disruption-resilient supply chain control. The method
links graph-based network learning, constraint-guided feasibility penalties, and multi-agent reinforcement learning in
one workflow. Across a 365-day simulation with 18 disruptions, HybridNet-SCR achieves 96.48% service at a total
cost of 344,890, representing an 81.2% cost reduction and a 3.3 percentage-point service improvement over the base-
stock policy. Recovery time falls by 66.2% (6.8 to 2.3 days) and disruption-period unmet demand drops by 57.0%.
Ablation results confirm that each module adds a distinct benefit, with the combined system yielding a Cohen’s d of
3.8 over the base-stock comparison. Overall, the findings suggest that network context, feasibility guidance, and daily
adaptive control simultaneously improve resilience and reduce reliance on large inventory buffers.
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