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Modeling Spatiotemporal Armed Conflict Dynamics via
Physics-Informed Diffusion

Anonymous Author(s)

Abstract
Accurate early warning of armed violence requires models that
capture how conflict spreads, not just where it has happened. We
propose a physics-informed diffusion partial differential equation
(diffusion-PDE) framework that models the evolution of latent con-
flict drivers across a learned, spatially heterogeneous potential field.
Crucially, our framework accounts not only for smooth diffusion
but also for complex dynamics like collective relocation and en-
dogenous conflict generation. We implement this framework in
ConflictNet, an end-to-end, three-stage solver composed of a spa-
tiotemporal encoder, a diffusion-PDE solving block, and a predictive
decoder. Evaluated on the ViEWS gold-standard benchmark, Con-
flictNet yields a 56% relative accuracy gain over strong baselines and
reveals interpretable diffusion patterns that align with social science
theory. By linking a sophisticated process model with data-driven
inference, our work bridges the gap between machine learning and
social science theory, offering a new path to build more mechanistic
and accurate forecasting systems.
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1 Introduction
Armed conflict often manifests as a recurrent and spatially dif-
fuse phenomenon, driven by the complex interplay of structural,
environmental, and strategic factors [84, 86]. Since 2000, political
scientists have developed a variety of prediction frameworks to
forecast the spread of armed conflict, supporting early warning
and the planning of preventive actions to mitigate damage. These
frameworks range from classical game-theoretic models to more
recent ensemble-based approaches, such as ViEWS [34].

ViEWS has become the de facto “gold standard” in conflict predic-
tion [32, 33]. The project established the current benchmark, pop-
ularized the cell-month forecasting paradigm, and demonstrated
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the value of open, continuously updated warning systems. In this
paper, we adopt the same task setting as ViEWS. Specifically, we
use PRIO-GRID, a globally uniform 0.5◦ × 0.5◦ latitude–longitude
lattice developed by the Peace Research Institute Oslo [78]. It is
widely adopted as the standard spatial unit for geo-referenced con-
flict studies. In this framework, each grid cell represents one spatial
unit, and each calendar month corresponds to one temporal step.
Thus, our target is the probability that at least one conflict event
occurs in a given cell-month[32].

Although existing methods perform well at coarse scales, two
limitations remain. First, they rely heavily on pre-defined features.
Second, they fail to model the underlying spatial-temporal dynam-
ics of conflict propagation explicitly. Current machine learning
methods predominantly treat conflict forecasting as a statistical
pattern-matching task. This perspective overlooks a critical reality:
conflict spread follows physical and strategic constraints rather
than random patterns. Existing spatial dependence models rely
excessively on simplistic adjacency or distance metrics [57], ne-
glecting the physical dynamics of actor mobility, resource flows,
and grievance transmission [17, 24]. This oversimplification limits
interpretability and transferability.

We propose a physics-informed diffusion partial differential equa-
tion (diffusion-PDE) framework to model spatiotemporal armed
conflict dynamics. Diffusion-PDEmodels the evolution of latent con-
flict drivers such as displaced civilians, redeploying armed groups,
or price shocks. It derives transition probabilities for conflict factors
based on a Boltzmann distribution over spatially heterogeneous
potential fields (e.g., mountain barriers, transport corridors, or bor-
der zones), allowing the model to capture both smooth diffusion
and barrier effects shaped by terrain, governance, or social frag-
mentation [28, 52]. The resulting transfer dynamics yield a PDE
that governs the propagation of conflict over time and space. To
enhance modeling robustness, we incorporate regularization terms
that account for collective rigid-body movement (e.g., sudden group
redeployments) and endogenous conflict generation.

Building on this framework, we introduce ConflictNet, an end-
to-end solver for the diffusion-PDE. The framework extracts latent
conflict signals, evolves them under the dynamics of the potential
field through a diffusion-PDE process, and outputs the probabili-
ties of violence for each cell-month. By modeling conflict spread
as a structured physical process rather than a purely data-driven
pattern, ConflictNet not only enhances accuracy but also improves
interpretability. When evaluated on the PRIO-GRID benchmark
maintained by ViEWS, it achieves a 56% relative gain over the “gold
standard” and reveals stable diffusion patterns across regions and
years.

The development of predictive models is driven by a compelling
humanitarian rationale: enabling a shift from reactive to proactive
interventions that save lives. Accurate, high-resolution forecasts
provide the foresight needed for preventive diplomacy, optimized
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peacekeeping, and pre-positioned humanitarian aid to mitigate vi-
olence before it escalates [71, 88]. Accordingly, our framework is
designed as an analytical tool for conflict prevention and manage-
ment, aligning with the core mission of established early-warning
systems [33].

We summarise our contributions as follows:

• Propose a physics-informed diffusion-PDE and instan-
tiate it in ConflictNet, a PDE solver that runs end-to-end
to model armed conflict diffusion dynamics.

• Achieve a 56 % relative accuracy gain over the ViEWS
benchmark on PRIO-GRID, outperforming all other strong
baselines.

• Reveal stable diffusion patterns and interpretable latent
flows that align with collective-mobilisation theory.

• Bridge the gap between data-driven forecasting and theory-
driven processmodeling, offering a new path for integrating
machine learning with social science theory.

2 Related Works
Forecasting armed conflict sits at the intersection of political-science
theory, spatiotemporal machine learning and, increasingly, physics-
informed modelling. We situate our contribution against advances
in each strand.

Conflict forecasting. Forecasting political violence has long
been central to peace research, with early approaches grounded
in structural explanations and game theory. A shift occurred as
machine learning entered mainstream political science through
the work of Ward et al. [83], bringing attention to the predictive
potential of data-driven approaches.With improved spatial data and
computational infrastructure, forecasting at finer spatiotemporal
scales—particularly the PRIO-GRID cell-month level—has become
feasible [55, 72].

Notable contributions include ViEWS [33], which introduced an
ensemble forecasting framework and set the standard for country-
month-level prediction. However, its performance at the PRIO-
GRID cell-month level remains limited [35]. Complementary efforts
include Python et al.’s [63] use of gradient-boosted trees to forecast
terrorism globally with high temporal resolution, demonstrating
the applicability of traditional ML models at fine spatial granularity.
Despite growing accuracy, most models remain largely descrip-
tive, relying on handcrafted predictors and lacking explicit spatial
mechanisms.

Spatiotemporal modeling. Recent works have adopted deep
learning to capture complex spatiotemporal patterns at the PRIO-
GRID level [36]. Chadefaux [19] applied time-series clustering to
extract recurring conflict shapes. Lindholm et al. [51] used hidden
Markov models with latent cell states to model temporal shifts.
Radford [65] framed conflict as a sequence prediction problem using
ConvLSTM, while Brandt et al. [8] leveraged spatiotemporal graph
convolutional networks to capture evolving conflict dependencies.

Broader deep learning advances have included models for time
series [2, 41, 54, 89], models for spatial data [44, 80], and hybrid ar-
chitectures [73, 75, 76, 91–93] to unify both.While these approaches
improve predictive fidelity, they often function as black boxes and
lack the inductive bias necessary to capture structured spatial dy-
namics, thereby limiting explanatory power.

Physics-informed learning. A growing body of research has
sought to bridge this gap by incorporating physical modeling into
neural architectures [87]. This line of work embeds domain knowl-
edge—such as conservation laws or dynamical systems—into deep
learning models to improve generalization and interpretability. Ex-
amples include knowledge-assisted architectures in materials sci-
ence [64], quantum chemistry [40, 61], and environmental forecast-
ing [95], where PDE constraints are fused into neural networks to
guide learning and prediction.

In conflict modeling, however, such integration remains rare due
to the abstract nature of sociopolitical dynamics and the lack of
clear physical analogues. Nevertheless, earlier work has shown the
promise of spatial process modeling through point processes [94].
Our work extends this frontier by demonstrating how physics-
inspired formulations can encode both diffusion and relocation
dynamics of conflict factors, leading to improved performance and
interpretability in conflict forecasting tasks.

3 Preliminary
We frame conflict forecasting as a spatiotemporal prediction task on
a regular grid, identifying empirical patterns—local mean-reversion,
spatial cohesion, and inter-feature coupling—that justify our physics-
informed modeling. Scalars are written in lightface, while vectors
are denoted in boldface.

3.1 Problem Formulation
Our study domain is the 0.5◦ × 0.5◦ PRIO-GRID [78] lattice that
blankets the African continent from 1990 to 2020. Each grid cell
carries two feature streams. Static attributes describe enduring char-
acteristics—topography, transport networks, night-time lights, land
use, and other long-horizon factors. Dynamic signals record month-
to-month shifts such as protest activity, population displacement,
and commodity-price shocks. A complete feature table is provided
in Supplementary Material Table 4.

Given all observations up to the present month, the task is to
predict whether a cell will register at least one conflict event in the
next 1, 3, 6, or 9 months. We score performance at this cell-month
level, aligning with the ViEWS early-warning benchmark while
retaining full spatial detail.

1991 1995 1999 2003 2007 2011
0.00

0.25

0.50

0.75

1.00

peaceful
violent behavior
overall

(a) Without potential field

1991 1995 1999 2003 2007 2011
0.00

0.25

0.50

0.75

1.00

peaceful
violent behavior
overall

(b) With potential field

Figure 1: Month-ahead changes in conflict intensity against
the ratio between each cell and the average of its immediate
neighbours. It is computed across three versions: peaceful
protests, violent protests, and total protest counts. The figure
indicates that cells with above-average violence tend to de-
cline in the next month, while below-average cells rise—i.e.
activity drifts back toward the local mean.
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3.2 Empirical Motivations from Data
Our analysis of conflict-related data [32–34] reveals patterns moti-
vating our physics-informed approach. We summarize three core
observations below.

Local mean-reversion.Many dynamic features show strong
temporal locality. These features tend to revert toward the spatial
mean of neighboring cells over time. Natural disasters [72] diffuse
smoothly across flat potential fields. More volatile factors, such as
forced migration and protest events [68], regress erratically, par-
ticularly on rugged terrains with spatial heterogeneity. Historical
data confirm this theory (Figure 1). Most grid cells exhibit conflict
intensity reverting toward the local mean. The tendency strength-
ens when accounting for the potential field. Figure 2 visualizes
this phenomenon: feature dynamics resemble balls rolling toward
equilibrium on a landscape.

Figure 2: Illustration of feature diffusion. In the presence
of a spatial potential field 𝜙 (x), diffusion proceeds until the
gradient force ∇u(x, t) balances the external force −∇𝜙 (x),
reaching equilibrium.

Local Transition Scaling. As Figure 1 shows, conflict intensity
regresses to the mean within a cell’s immediate neighbourhood. The
pattern largely disappears beyond second-order neighbours, indi-
cating that adjustment happens through short, local steps rather
than long-range jumps. This locality accords with socio-political
theory: troop movement, resource transport, and grievance diffu-
sion are bounded by logistics, terrain, and information frictions,
creating steep cost gradients that limit spatial reach [18]. Similar
short-range contagion has been documented for disaster shocks
[72] and protest waves [68].

Inter-feature coupling.Violent conflict rarely stems from a sin-
gle driver. Multiple factors—opportunity, grievance, and organiza-
tional capacity—must converge to trigger conflict [18, 21]. Conflict-
relevant features show strong interdependence. Environmental
shocks and mobilization-related variables correlate closely, as Fig-
ure 5 in Supplementary Material demonstrates. Such relationships
demand models capable of capturing multivariate co-movement
across time and space.

These empirical observations motivate the structured diffusion
framework. The next chapter formalizes this framework through
mathematical assumptions, leading to the derivation of an explicit
expression for conflict evolution.

4 Methodology
Armed conflict propagates through structured latent drivers. These
drivers include displacement, arms flow, and mobilization. Logis-
tics, infrastructure, and command delays constrain the propaga-
tion [4, 12]. Unlike random diffusion, conflict spreads at finite
speeds. Physical space constraints improve modeling of directional
shifts and temporal lags compared to classical probabilistic ap-
proaches [9, 43].

We derive an explicit diffusion partial differential equation (diffusion-
PDE) to model the evolution of conflict, incorporating the spa-
tiotemporal dynamics of latent drivers and their constraints. The
diffusion-PDE captures the complex relationships and physical con-
straints that govern conflict dynamics. To solve them efficiently,
we integrate the equations into a deep learning framework. This
approach improves both the accuracy and robustness of conflict
forecasting by enabling data-driven estimation while preserving
the physical realism of the underlying process.

4.1 Physics-Informed Diffusion-PDE
Earlier machine-learning approaches often modeled armed conflict
as pure diffusion in the intensity space [83, 86]. Recent theoretical
work in political science argues that macro-level conflict patterns
arise not from intensity alone, but from the spatial propagation of la-
tent drivers, such as population movements and weapons flows [26].
Motivated by this, we define conflict factors as a low-dimensional
latent vector learned by the spatiotemporal encoder from multi-
source input features. Rather than being a physical entity, it serves
as a compact representation of all factors driving conflict dynamics
at location x and time 𝑡 as u(x, 𝑡) ∈ R𝑙 (e.g., resource availability,
mobilization capacity, grievances). It is the core state variable that
is propagated by the diffusion-PDE module.

Prior studies show that spatial heterogeneity strongly influences
conflict flow, with movements gravitating toward regions of strate-
gic significance [1, 13, 59]. Similar to particles in a physical field,
conflict factors tend to concentrate in regions of lower potential.
In statistical physics and increasingly in social systems model-
ing [37, 58], the Boltzmann distribution describes how agents or
particles probabilistically settle in space under the influence of a
spatial potential field 𝜙 . Potential field is defined as a learnable
spatial embedding generated by a dedicated neural network branch
from static features (e.g., terrain, borders, ethnic settlement pat-
terns). Instead of a pre-defined physical field, the potential field
represents the inherent susceptibility or resistance of each location
x to conflict, effectively encoding how persistent factors create bar-
riers or corridors for its propagation. We adopt this principle to
characterize equilibrium distributions of conflict factors:

Assumption 4.1 (Boltzmann Distribution [29, 37, 42, 58, 60]). At
equilibrium in a potential field 𝜙 (x), the spatial density distribution
𝜋 (x) of conflict factors follows the Boltzmann distribution governed
by a constant 𝛽 :

𝜋 (x) ∝ 𝑒−𝛽𝜙 (x) . (1)

The coefficient 𝛽 quantifies the sensitivity of conflict factors to
the potential field 𝜙 (x). Higher values of 𝛽 imply greater concen-
tration of conflict factors in low-potential regions—interpreted as
areas of strategic or symbolic importance. Thus, 𝛽 can be viewed as
a proxy for the latent propensity toward violence, reflecting individ-
uals’ willingness to engage in or support violent behavior—a widely
recognized determinant of conflict onset and escalation [30, 53, 70].

Assumption 4.1 is reasonable because it mathematically formal-
izes a core principle of strategic behavior: actors probabilistically
favor locations thatmaximize their advantage, which the Boltzmann
distribution treats as low-potential-energy states. This assumption
translates the rational, goal-oriented behavior of conflict actors

3
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into a principled statistical physics framework; further discussion
on the theoretical grounding of all assumptions is available in the
Supplementary Material D.

Based on Assumption 4.1 and the framework of [74], we derive
in Proposition 4.1 the transition probabilities of conflict factors by
imposing the balance condition on the underlying Markov process.

Proposition 4.1. In a potential field 𝜙 (x), a probability density
𝑃𝜙 (x, r,Δ𝑡) that a conflict factor moves from location x to x + r
within time Δ𝑡 is given by:

𝑃𝜙 (x, r,Δ𝑡) =
1
𝑍
exp

[
− 𝛽

2
{𝜙 (x + r) − 𝜙 (x)}

]
𝑃 (∥r∥,Δ𝑡), (2)

where 𝑍 is a normalization constant, and 𝑃 (·, ·) : R2 → R is a
normalized kernel function.

From Proposition 4.1, we observe that when 𝜙 (x) ≡ 0, the tran-
sition probability reduces to the normalized kernel 𝑃𝜙 (x, r,Δ𝑡) ∝
𝑃 (∥r∥,Δ𝑡), indicating thatmovement is isotropic and depends solely
on the transition distance ∥r∥, not on the initial location x. Con-
versely, when a potential field 𝜙 (x) is present, the transition proba-
bility 𝑃𝜙 is modulated by an exponential term that reflects the local
potential energy difference.

Empirical evidence shows that conflict diffusion is constrained
by frictional limits—logistical, infrastructural, and organizational
factors prevent long-range propagation over short intervals [9, 43].
As the time horizon shortens from Δ𝑡 to Δ𝑡/2, typical transition
distances contract accordingly, reflecting actors’ limited capacity
to mobilize or redeploy [3, 39, 42]. To capture this, we adopt the
classical assumption from random process theory:

Assumption 4.2 (Local Transition Scaling Assumption [47, 90]).∫
R2

∥r∥2𝑃 (∥r∥,Δ𝑡)𝑑r ≍ Δ𝑡,

∫
R2

∥r∥3𝑃 (∥r∥,Δ𝑡)𝑑r = 𝑜 (Δ𝑡). (3)

The Local Transition Scaling Assumption requires the mean
squared displacement to scale linearly with time (≍ Δ𝑡 ), ensur-
ing normal diffusion, while demanding the third moment to be
sublinear (𝑜 (Δ𝑡)), guaranteeing local symmetry. These conditions
maintain proper diffusivity and eliminate directional bias in infin-
itesimal displacements, fundamental for modeling standard sto-
chastic processes. Many standard kernels satisfy this condition. For
example, the two-dimensional Gaussian heat kernel 𝑃 (∥r∥,Δ𝑡) =
(4𝜋𝐴Δ𝑡)−1 exp{−∥r∥2/(4𝐴Δ𝑡)} and the uniform kernel over a shrink-
ing ball 𝑃 (∥r∥,Δ𝑡) = {𝜋𝑅2 (Δ𝑡)}−11{∥r∥ ≤ 𝑅(Δ𝑡)}, with 𝑅(Δ𝑡) =√
2𝐴Δ𝑡 , both satisfy Assumption 4.2. Detailed derivations are pro-

vided in Appendix A.
When𝜙 (x) ≡ 0, symmetry implies that the expected of transition

vector r equals

2
∫
R2

r𝑃 (∥r∥,Δ𝑡) 𝑑r =
∫
R2

r𝑃 (∥r∥,Δ𝑡)𝑑r+
∫
R2

−r𝑃 (∥r∥,Δ𝑡)𝑑r = 0.

(4)
Assumption 4.2 is reasonable because it embeds real-world lo-

gistical constraints into the model, ensuring that conflict prop-
agates through local, incremental steps rather than implausible
long-range jumps. This aligns with extensive empirical evidence on
the contagion patterns of insurgencies, making the resulting diffu-
sion process more physically realistic. Furthermore, Proposition 4.2
characterizes the corresponding covariance structure.

Proposition 4.2. Under Assumption 4.2 and the condition of
Proposition 4.1, there exists a constant 𝐷 > 0 such that:

(2𝑍Δ𝑡)−1
∫
R2

rrT𝑃 (∥r∥,Δ𝑡)𝑑r = 𝐷I2 . (5)

Proposition 4.2 implies that, in the absence of a potential field,
conflict factor movement is isotropic, uncorrelated, and direction-
ally uniform. The diffusion coefficient 𝐷 governs the variability of
the displacement vector r: larger values of 𝐷 correspond to broader
dispersion and more frequent transitions. In social terms, 𝐷 reflects
the degree of organizational cohesion: higher 𝐷 implies weaker
group control, greater individual autonomy, and increased difficulty
in sustaining coordinated insurgent action [52, 81].

Having analyzed the micro-level transition of individual conflict
factors, we now examine the evolution of their macroscopic den-
sity u(x, 𝑡), focusing on how localized interactions aggregate into
large-scale patterns. Beyond individual motion, the dynamics of
conflict are shaped by interdependencies among factor types; for
instance, personnel movement often induces correlated shifts in
the distribution of weapons [6, 16].

We model this interaction through a linear coupling mechanism:

Assumption 4.3 (Coupling of Transitions [23, 45]). There exists a
constant matrix 𝝃 where 𝜉𝑖𝑖 = 0 for all 𝑖 , such that a transition in
𝑢 𝑗 proportionally induces a transition in 𝑢𝑖 , scaled by the coupling
coefficient 𝜉 𝑗𝑖 . Then:

u(x, 𝑡 + Δ𝑡) =
∫
R2

P𝜙 (x − r, r,Δ𝑡) ⊙ u(x − r, 𝑡) 𝑑r − 𝝃⊤ J(x, 𝑡), (6)

where J(x, 𝑡) represents the flux of u at location x time 𝑡 .

Assumption 4.3 explains that the density at the next moment
consists of two components: the spontaneous transition of the con-
flict factors, given by

∫
R2 P𝜙 (x − r, r,Δ𝑡) ⊙ u(x), and the induced

linear coupling term −𝝃⊤ J(x, 𝑡) from other types of conflict fac-
tors. The assumption is reasonable naturally, because it reflects the
interdependent nature of conflict drivers, a central tenet of modern
conflict theory. This allows the framework to capture the multivari-
ate reality of conflict escalation instead of treating each driver as
an isolated phenomenon.

By combining the above Assumptions and Propositions, we de-
rive the transfer equation governing conflict factors with particle-
like behavior:

Theorem 4.3. Under condition of Proposition 4.1, 4.2 and Assump-
tion 4.1, 4.2, 4.3, the transfer equation of u(x, 𝑡) is given by:
𝜕u
𝜕𝑡

= (𝝃⊤ + I𝑙 )
[
D ⊙ (∇x · ∇xu) + D ⊙ 𝜷 ⊙ {(∇xu)⊤∇x𝜙}

]
, (7)

where ∇xu = [∇x𝑢1, . . . ,∇x𝑢𝑙 ] and ∇x · ∇xu = (∇x · ∇x𝑢1, . . . ,∇x ·
∇x𝑢𝑙 )⊤.

Here, ∇x denotes the spatial differential operator: applied to a
scalar field, it returns the gradient; applied via dot product, it re-
turns the divergence. The first term in Equation (7), D⊙ (∇x · ∇xu),
represents spontaneous diffusion driven by local density gradi-
ents [14, 66]. The second term, D ⊙ 𝜷 ⊙ {(∇xu)⊤∇x𝜙}, captures
directed relocation, arising from the alignment of the density gradi-
ent and the potential gradient ∇x𝜙 , modulated by sensitivity 𝜷 . This
implies that conflict tends to flow toward lower-potential regions,
especially where gradients are steep.
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4.2 Regularization
Section 4.1 derives the diffusion mechanism of conflict-related fac-
tors based on the Boltzmann distribution assumption. Building
on historical observations of conflict [4, 12], scholars have widely
regarded this particle-like behavior as the dominant mode of trans-
mission in most settings [5, 27, 38, 62, 79].

However, in rare instances of large-scale conflict, exceptional
events, such as the coordinated movement of sizable armed groups,
may drive a transition from diffuse dynamics to macroscopic, rigid-
body-like motion, where the group advances as a cohesive whole
[26, 35, 94]. To distinguish this behavior from the main diffusive
term u(x, 𝑡), we denote the rigid-body-like component as w(x, 𝑡).

To model this phenomenon, we discretize the spatial domain
into cells, each serving as a container for local rigid-body dynamics.
Within each cell, conflict factors are assumed to move under the
influence of a potential field𝜙 (x), resulting inmacroscopic behavior
driven by force-based interactions.

Let A(𝑡,Δ𝑡, 𝒙) denote the displacement of conflict factors from
the initial time 𝑡 and initial position 𝒙 over a time interval Δ𝑡 . The
rigid-body-like transfer is then governed by:

𝜕2A
𝜕𝑡2

= w−1 ⊙
(
𝝃⊤D ⊙ 𝜷 ⊙ ∇𝜙

)
. (8)

Once the displacement A is determined, the distribution w(x, 𝑡)
is updated to reflect the new positions of the conflict factors. The
updated distribution at time 𝑡 + Δ𝑡 is given by:

𝒘 (𝒙, 𝑡 + Δ𝑡) =
∫
𝑨(𝑡,Δ𝑡,𝒙′)=𝑥

𝒘 (𝒙′, 𝑡)𝑨(𝑡,Δ𝑡, 𝒙′)𝑑𝑥 ′ . (9)

Here, the integral is taken over all initial positions 𝒙′ whose dis-
placement 𝑨(𝑡,Δ𝑡, 𝒙′) maps to the target position 𝒙 .

Empirical studies demonstrate that real-world conflicts combine
microscopic diffusion of localized events with macroscopic, coordi-
nated movement of armed groups [65, 94]. This motivates modeling
conflict factors with two distinct transport modes: diffusive and
rigid-body-like movement, controlled by a mixing probability vec-
tor 𝜼 ∈ [0, 1]𝑙 . Conflict intensity also evolves through endogenous
processes and external influences [13, 15, 79, 85], represented by
a source term 𝒒(𝒙, 𝑡). The source term in the diffusion-PDE rep-
resents the endogenous generation of new conflict potential at a
specific location and time. It captures conflict dynamics that can-
not be explained by propagation from neighboring areas, such as
outbreaks driven by purely local factors.

Let 𝒛 (𝒙, 𝑡) represent the total conflict factors at each location.
The complete transfer dynamics follow:

𝜕z
𝜕𝑡

= 𝜂 ⊙ 𝜕u
𝜕𝑡

+ (1 − 𝜂) ⊙ 𝜕w
𝜕𝑡

+ q(x, 𝑡), (10)

where 𝒖 and𝒘 correspond to the diffusive and rigid-body compo-
nents respectively.

The structure permits several important exceptional cases: when
𝜼 → 1𝑙 , it reduces to pure diffusion, which is suitable for modeling
spontaneous unrest; when 𝜼 → 0𝑙 , it describes coordinated troop
movements—a rare but notable scenario. In practice, we encourage
larger values of 𝜼 during the solution process to favor diffusion-
dominated dynamics, which aligns with the empirical observation
that most conflicts evolve in a diffusive manner [5, 27, 38, 62, 79].
The coupling terms allow smooth transitions between these regimes,

Main Term Regularization

Network Parameters: 𝑫,𝜷,𝝃

Long Term
(12 months)

Short Term
(30 days)

𝒖(𝒙,𝑡)

𝝓(𝒙)

𝒘𝒙,𝑡

𝒒(𝒙,𝑡)

𝜕A/𝜕𝑡

𝜼 𝑷(𝑡,𝑡+ℎ)

Encoder Decoder

Time-varying Params

Init Conditions

Figure 3: ConflictNet architecture. The encoder extracts spa-
tiotemporal features and debiases them via sample reweight-
ing. The debiased representations are used to estimate ini-
tial conditions and time-varying parameters through MLPs,
while intrinsic physical parameters are optimized in the
network. These components are integrated into physics-
informed transfer equations to forecast conflict dynamics.

adapting flexibly to the observed spatiotemporal patterns of conflict
evolution.

4.3 ConflictNet
Building on the physical modeling in Sections 4.1 and 4.2, we intro-
duce ConflictNet, a deep learning framework designed to solve the
transfer equations. It integrates grid-based features to model the
spatiotemporal evolution of armed conflict. The overall architecture
is shown in Figure 3.

Static-Dynamic Encoder with De-bias Module. Our archi-
tecture begins by separating input features into static and dynamic
components based on temporal variability, with detailed criteria
provided in Appendix E. Static features undergo processing through
a Graph Convolutional Network to capture spatial dependencies.
In contrast, dynamic features are encoded using a hybrid GCN-
LSTM module that jointly models spatial topology and temporal
evolution.

To address regional and temporal biases inherent in conflict data,
we implement an attention-based de-biasing mechanism. This ap-
proach learns prototypical representations by grouping instances
according to two dimensions: temporal alignment follows historical
conflict triggers documented by [32, 33], while spatial clustering fol-
lows regional patterns identified by [78]. Comprehensive implemen-
tation specifications for the de-biasing components are available
in Appendix F.2. The integrated framework achieves dual objec-
tives: maintaining sensitivity to both long-term monthly trends and
short-term daily diffusion patterns, while systematically reducing
dataset-specific biases.

Pysics-Informed Diffusion-PDE Solving. The middle section
of Figure 3 illustrates the estimation and solution of the physics-
informed transfer equations detailed in Sections 4.1 and 4.2. The
components of the equations can be categorized into three types.

The diffusion coefficient D, the Boltzmann constant 𝜷 , and the
coupling coefficient 𝝃 are treated as network parameters, which
are directly optimized during training. These parameters capture
the intrinsic properties of conflict regions and the interactions
between conflict factors. They are assumed to be inherently stable
over time because they reflect deep-seated, slow-moving structural
characteristics rather than volatile, short-term events [1, 17]. For

5



581

582

583

584

585

586

587

588

589

590

591

592

593

594

595

596

597

598

599

600

601

602

603

604

605

606

607

608

609

610

611

612

613

614

615

616

617

618

619

620

621

622

623

624

625

626

627

628

629

630

631

632

633

634

635

636

637

638

SIGKDD 2026 Research Track, August 9-13, 2026, Jeju, Korea Anon.

639

640

641

642

643

644

645

646

647

648

649

650

651

652

653

654

655

656

657

658

659

660

661

662

663

664

665

666

667

668

669

670

671

672

673

674

675

676

677

678

679

680

681

682

683

684

685

686

687

688

689

690

691

692

693

694

695

696

Table 1: Performance of various methods in predicting the probability of conflict in the ℎ-th month, where ℎ = 1, 3, 6, 9. Bold
indicates the best result, and underlined indicates the second-best.

PR-AUC %(↑) ROC-AUC %(↑) 𝐹1 %(↑)
1 3 6 9 1 3 6 9 1 3 6 9

ViEWS 36.4 32.8 31.0 29.9 94.8 92.2 90.4 88.6 34.7 31.4 29.6 28.8
XGBoost 37.4 33.1 30.8 30.1 93.9 93.1 92.4 91.6 35.4 31.4 28.7 27.3
RNN 33.4 29.7 29.1 28.6 92.1 91.6 91.4 91.3 35.7 33.6 32.4 31.9
GRU 35.8 31.5 30.2 29.9 92.2 91.3 91.0 90.8 39.5 36.4 35.8 35.4
LSTM 36.2 32.1 30.1 29.4 92.3 92.0 91.5 91.2 39.4 36.6 35.5 34.8
GCN 35.6 31.2 29.7 28.7 91.8 91.1 90.8 90.5 39.8 36.4 35.5 35.0
GAT 38.9 34.4 32.7 31.5 94.3 94.0 93.5 93.2 40.6 36.1 36.4 35.8
STSGCN 42.6 38.5 35.4 32.7 95.1 94.8 94.6 94.4 42.4 37.2 35.2 36.1
STGNN 43.3 39.2 35.4 31.9 95.2 95.0 94.6 93.9 42.5 38.3 36.1 35.9
Gragh WaveNet 37.1 33.7 31.9 30.2 94.1 93.8 93.7 93.5 39.2 36.9 35.8 34.6
STGCN 40.3 35.8 33.2 31.5 94.5 94.3 94.0 93.8 41.1 36.0 36.1 35.8
ST-GCN 40.8 36.1 33.8 31.4 94.7 94.2 94.0 93.7 41.3 37.9 36.4 36.0
D2STGNN 44.8 39.6 35.7 32.6 95.6 95.0 94.5 94.2 42.7 38.9 36.2 35.9
ConflictNet 56.7 51.2 48.8 47.6 97.0 96.6 96.3 96.2 53.7 50.0 48.2 47.5

example, these parameters are tied to enduring features such as
organizational cohesion, the strategic importance of terrain [33, 56],
and the logistical interplay between different conflict drivers, which
do not typically change on a month-to-month basis.

The initial conditions of the conflict dynamics, including the ini-
tial values u(x, 𝑡), w(x, 𝑡), the rigid-body initial velocity 𝜕A

𝜕𝑡 (x, 𝑡),
and the potential field 𝜙 (x), are estimated from the encoder’s de-
biased feature representations using an MLP. This approach is
theoretically sound and effective because the initial state of conflict
dynamics is not arbitrary, but is strongly determined by observable
structural conditions and recent historical events[8, 35, 36, 63]. The
potential field is conceptually a direct function of enduring geo-
graphic and political realities; therefore, estimating it from static
features like terrain, distance to borders, and ethnic settlement pat-
terns is a well-grounded task, as these factors are known to create
barriers and corridors for conflict. Similarly, the initial distribution
of latent conflict drivers. Our model’s dynamic features—such as
past conflict intensity and protest activity—serve as direct, observ-
able indicators of where this latent potential is currently concen-
trated, consistent with theories of conflict inertia and contagion.
The MLP, therefore, learns a mapping that is not arbitrary but is
well-supported by established conflict theory.

The remaining time-varying parameters, specifically the mixing
probability 𝜼 and the source term q(x, 𝑡), are also estimated using
an MLP based on the encoder’s debiased feature representations.
These parameters have a minor impact on the equation, as discussed
in Section 4.2, and we further constrain their influence through the
loss function to ensure the dominance of the diffusion term in the
dynamics.

To solve the transfer equation iteratively, we employ a two-scale
discretization strategy. Fine time steps are used to solve for 𝜕z

𝜕𝑡
and update the conflict factor distribution z, ensuring dynamic
consistency. Coarser time steps are then employed for estimating
the conflict probability, which is decoded from the conflict factor

distribution z using the shared-weight MLP decoder. This approach
reduces the complexity of gradient backpropagation during train-
ing.

Loss Function. The total loss consists of a primary loss term
and three auxiliary regularization terms, with weights controlled
by the hyperparameter vector 𝝀 = [𝜆1, 𝜆2, 𝜆3]⊤:

L = Lf + 𝜆1Rsupp + 𝜆2Rcontinue + 𝜆3Rap, (11)

where L𝑓 represents the primary objective function, the Rsupp lim-
its the diffusion, the Rcontinue maintains diffusion continuity, and
the Rap serves as a standard prediction enhancement regularizer.
We will introduce and define them rigorously as follows.
(1) The focal loss Lf [49] serves as the primary objective, address-

ing class imbalance by placing greater emphasis on positive
conflict samples, which are sparse in the dataset:

Lf = −𝛼𝑦 (1 − 𝑃)𝛾 log(𝑃) − (1 − 𝛼) (1 − 𝑦)𝑃𝛾 log(1 − 𝑃),

where 𝑃 = 𝑃 (𝑡, 𝑡 + ℎ) denotes the predicted probability of a
conflict in month 𝑡 + ℎ based on features at month 𝑡 , and 𝑦 ∈
{0, 1} is the binary ground-truth label indicating whether a
conflict occurred. The hyperparameters 𝛼 and 𝛾 control class
weighting and focusing strength, respectively.

(2) The suppression regularization term Rsupp penalizes the magni-
tude of the source term q. It encourages the mixing probability
𝜼 to remain close to 1, thereby reinforcing the dominance of
the diffusion-based component u(x, 𝑡):

Rsupp = ∥q∥ + ∥1 − 𝜼∥ .

(3) The cyclic regularization term Rcontinue [48] encourages tem-
poral consistency by enforcing agreement between diffusion
trajectories originating from different time points but converg-
ing to the same future state:

Rcontinue = ∥z𝑡−ℎ→𝑡+ℎ − z𝑡→𝑡+ℎ ∥ ,
6
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Table 2: Out-of-distribution performance of ConflictNet under spatial and temporal train-test splits. Despite substantial
differences in conflict patterns across regions and periods, the model maintains high accuracy and recall, demonstrating strong
generalization.

Train Test PR-AUC %(↑) ROC-AUC %(↑) 𝐹1 %(↑)
1 3 6 9 1 3 6 9 1 3 6 9

* * 56.7 51.2 48.8 47.6 97.0 96.6 96.3 96.2 53.7 50.0 48.2 47.5

Spatial

E of 20°E W of 20°E 53.5 49.0 46.8 44.1 96.5 96.2 95.9 95.6 50.1 48.3 46.7 45.2
W of 20°E E of 20°E 53.8 49.2 46.7 43.3 96.5 96.1 95.8 95.6 50.3 48.5 46.2 44.7
S of 12°N N of 12°N 51.6 46.4 42.8 39.2 96.3 95.9 95.6 95.5 49.2 47.5 45.9 43.9
N of 12°N S of 12°N 45.4 39.9 34.5 31.6 95.6 95.1 95.4 95.0 43.3 39.4 35.8 34.3

Temporal 1990.1–2008.9 2008.10–2020.12 55.5 50.0 47.1 43.8 96.8 96.5 96.2 96.0 51.4 49.5 47.8 46.1
1990.1–2012.12 2013.1–2020.12 53.2 51.2 48.5 42.7 96.6 96.3 96.0 95.8 50.1 48.3 46.6 44.9

where z𝑖→𝑗 denotes the estimated conflict factor distribution
propagated from time 𝑖 to time 𝑗 .

(4) Last, the smooth average-precision regularization Rap, imple-
mented via the fast-soft-rank operator [7], aims to improve
ranking performance by enabling differentiable sorting [10]:

Rap = 1 − 1
∥𝑆𝑃 ∥

∑︁
𝑃∈𝑆𝑃

rank(𝑃, 𝑆𝑃 )
rank(𝑃, 𝑆Ω)

, (12)

where 𝑆𝑃 is the set of positive samples, 𝑆Ω is the full set, and
rank(𝑥,S) denotes the (soft) rank of element 𝑥 within set S.

5 Experiments
5.1 Experimental Setup
Datasets. We construct a monthly panel from 1990 to 2020 over
Africa using PRIO-GRID [78] with 0.5◦ × 0.5◦ spatial resolution,
resulting in 4,785,150 cell-months. Conflict labels are from UCDP-
GED [77]. Features include structural indicators (PRIO-GRID, WDI),
ethnic exclusion [18], protests (ACLED [67]), and institutions (V-
Dem [50]). We provide a complete feature table in Supplementary
Material Table 4. The dataset is sparse and heterogeneous across
time and space.

Baselines. To benchmark our model, we compare it against
a diverse set of forecasting methods. (1)Classic models such as
ViEWS [33] and XGBoost [63] combine social science features with
traditional machine learning and remain widely used in conflict
prediction. (2)Temporal models including RNN [54], GRU [2] and
LSTM [41] aim to capture sequential trends but struggle with over-
fitting in sparse data. (3)Graph-based models like GCN [44] and
GAT [80] focus on spatial correlations but lack temporal modeling
capacity. Spatio-temporal GNNs such as STSGCN [75], STGNN [76],
and D2STGNN [73] attempt to integrate space-time dynamics via
graph convolutions, yet often rely on black-box architectures that
limit interpretability and generalization.

Experiment Settings. We construct a spatiotemporal graph
where each PRIO-GRID cell serves as a node and is connected
to its 24 nearest neighbors to define the spatial structure; time
is discretized at the monthly level. Given past 𝑘 = 12 months of
data, the task is to predict conflict occurrence in the ℎ-th month,
whereℎ = 1, 3, 6, 9. The dataset is split chronologically: training (Jan

1990–Dec 2017), validation (Jan 2018–Dec 2018), and testing (Jan
2019–Dec 2020). The test set spans 24 months, and the validation
set spans 12 months. Performance is evaluated using ROC-AUC,
PR-AUC, and 𝐹1-Score.

ROC-AUC measures the model’s discriminative ability across
thresholds and corresponds to the area under the receiver operating
characteristic (ROC) curve, which plots the true positive rate (TPR)
against the false positive rate (FPR):

TPR =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
, FPR =

𝐹𝑃

𝐹𝑃 +𝑇𝑁 ,

where 𝑇𝑃 , 𝐹𝑃 , 𝑇𝑁 , and 𝐹𝑁 denote the number of true positives,
false positives, true negatives, and false negatives, respectively.

PR-AUC evaluates precision-recall performance under class im-
balance and is defined as the area under the precision-recall (PR)
curve, where precision and recall are given by:

Precision =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
, Recall =

𝑇𝑃

𝑇𝑃 + 𝐹𝑁
.

The 𝐹1-Score, which balances precision and recall, is defined as
their harmonic mean:

𝐹1 =
2 · Precision · Recall
Precision + Recall

.

5.2 Performance Comparison
We evaluate ConflictNet and all baselines on the ViEWS-formatted
PRIO-GRID dataset. Table 1 reports PR-AUC, ROC-AUC, and 𝐹1-
Score across different prediction horizons (ℎ = 1, 3, 6, 9).

ConflictNet outperforms all baselines, with a 56% improve-
ment over ViEWS.ConflictNet achieves consistent and substantial
gains over all baselines. Compared to ViEWS—the field’s most estab-
lished forecasting model—ConflictNet improves predictive accuracy
by 56% in PR-AUC and 55% in 𝐹1-Score at ℎ = 1, demonstrating
the value of incorporating physically grounded transfer dynam-
ics over purely feature-based statistical learning. Even relative to
the strongest deep learning baselines, ConflictNet delivers over
10-point gains across all metrics, highlighting its superior ability to
capture structured spatiotemporal propagation.

Temporal models fail to generalize under sparsity and
class imbalance. Temporal architectures such as RNN, GRU, and
LSTM underperform, often failing to exceed classic baselines like
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Table 3: Ablation study results for one-month-ahead predic-
tion. "w/o de-bias" removes the causal debiasingmodule; "w/o
transfer" removes the physics-informed transfer module.

PR-AUC %(↑) ROC-AUC %(↑) 𝐹1 %(↑)
ConflictNet 56.7 97.0 53.7
w/o de-bias 53.4 96.7 50.6
w/o transfer 40.3 94.9 39.1

XGBoost. Modeling long-range sequences from sparse, imbalanced
conflict data leads to unstable optimization and poor generalization.
Graph-based models (GCN, GAT) offer marginal improvements by
encoding local spatial structure but lack dynamic representation,
limiting their predictive reach.

Spatiotemporal GNNs help but still lag behind explicit
modeling. Spatiotemporal GNNs (e.g., STGNN, D2STGNN) im-
prove over single-modality baselines by jointly modeling space
and time. However, their reliance on deep implicit architectures
still limits performance under real-world sparsity and variability.
In contrast, ConflictNet’s explicit formulation of diffusion and re-
location mechanisms enables not only higher accuracy but also
greater robustness across space and time, confirming the benefits of
physics-informed modeling in high-resolution conflict forecasting.

5.3 Spatial-Temporal Generalization
To evaluate out-of-distribution performance, we construct train-
test splits with maximal spatial and temporal divergence (Table 2).
Spatially, we divide Africa along the 20°E meridian and 12°N parallel,
separating regions with distinct conflict regimes—e.g., organized
insurgencies in the Sahel and Horn versus localized communal
violence in the south [22, 25, 31]. Despite these differences, Con-
flictNet retains over 95% of its in-domain ROC-AUC and achieves
43–50% 𝐹1-Scores under cross-region transfer, indicating strong
spatial generalization.

Temporally, we split at September 2008 (global financial crisis)
and December 2012 (Arab Spring realignment), which mark major
shifts in conflict intensity, actor structure, and external interven-
tion [11, 46, 69, 82]. ConflictNet sustains ROC-AUCs above 96% and
PR-AUCs within 2–4 points of in-domain levels. Notably, its PR-
AUC under temporal shift remains well above that of all baselines
even with access to the full dataset, underscoring the robustness of
our approach in detecting rare events under structural change.

5.4 Ablation Studies
Table 3 shows ablation results. (1) Removing the de-bias module
leads to moderate drops across all metrics, confirming its role in mit-
igating spatiotemporal bias. (2) Removing the transfer module
causes sharp degradation, reducing performance to baseline levels,
which highlights the importance of physics-informed dynamics in
capturing conflict propagation and stabilizing training.

5.5 Case Study
To assess the plausibility of learned dynamics, we visualize pre-
dicted feature diffusion around Damascus from 2012.6 to 2013.6

Baseline

ConflictNet

Labels

Figure 4: Predicted conflict factors (ConflictNet and baseline)
and observed events in Damascus, Syria, every six months
from June 2012 to June 2013.

(Figure 4), alongside a baseline and observed conflicts at three-
month intervals.

Temporal dynamics.ConflictNet exhibits a clear lead–lag struc-
ture: predicted feature spread emerges months before observed con-
flict events. This delay mirrors real-world escalation cycles, where
armed groups require time to mobilize after entering new areas. The
timing aligns with Syria’s conflict trajectory, expanding outward
after mid-2012.

Spatial continuity. Compared to the baseline, ConflictNet pro-
duces smoother, spatially coherent patterns that reflect realistic
regional diffusion rather than artificial pixel-level volatility. This
suggests that the model respects physical constraints on actor move-
ment—such as road networks and terrain—while the baseline yields
fragmented outputs dominated by local noise.

Directional accuracy. ConflictNet correctly predicts conflict
propagation from central Damascus toward Rif Dimashq, Homs, and
Daraa, matching the documented advance of rebels. In contrast, the
baseline fails to reproduce this spatial trajectory and overpredicts
activity in unrelated zones.

These results show that physics-informed constraints improve
both predictive performance and geographic plausibility, recovering
realistic patterns of conflict diffusion.

6 Conclusion
Forecasting armed conflict remains a central challenge in peace
research and policy. To move beyond statistical pattern-matching,
we introduce ConflictNet, a physics-informed deep learning frame-
work. Our framework uses a unified partial differential equation
(PDE) to model a rich set of conflict dynamics, shaped by a learnable
potential field that reflects geographic and political constraints. By
embedding these structured dynamics, we achieve a 56% relative
accuracy gain over the ViEWS gold-standard on high-resolution
data, reveal interpretable diffusion patterns that align with social
science theory, and demonstrate strong generalization across di-
verse regions and time periods. Ultimately, our work offers a new
path for building mechanistic forecasting systems, though captur-
ing fine-grained actor behaviors remains a key avenue for future
research.
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Supplementary Material
A More Theoretical Results
A.1 Diffusion of a Single Type of Conflict

Factors
We can first consider diffusion of a single type of conflict factors.
At this time, diffusion does not involve the coupling and mutual
influence between multiple types of conflict factors, which is a
simpler situation than Theorem 4.3.
Theorem A.1. Under Assumption 4.1, 4.2 and condition of Propo-
sition 4.1, 4.2, diffusion of a single type of conflict factors is given
by:

𝜕𝑢

𝜕𝑡
= 𝐷∇ · ∇𝑢 + 𝛽𝐷∇𝑢 · ∇𝜙. (13)

A.2 More Discussions on Assumption 4.2
Before introducing the additional theoreticl result, we need a tech-
nical lemma.
LemmaA.2 (expectation of a quadratic form). Under the condition
of Proposition 4.1, for any matrix B independent of r and Δ𝑡 , we
have ∫

R2
r⊤Br𝑃 (∥r∥,Δ𝑡)𝑑r = tr(B

∫
R2

rr⊤𝑃 (∥r∥,Δ𝑡)𝑑r) .

Theorem A.3. Under Assumption 4.2, we have:
Many classic kernels satisfy Assumption 4.2. Here we can give

two classic examples:
Example A.1 (two-dimensional Gaussian heat kernel).

𝑃 (∥r∥,Δ𝑡) = 1
4𝜋𝐴Δ𝑡

exp
(
− ∥r∥2
4𝐴Δ𝑡

)
, (14)

where 𝐴 is a constant.
Example A.2 (the uniform kernel over a shrinking ball).

𝑃 (∥r∥,Δ𝑡) = 1
𝜋𝑅2 (Δ𝑡)

{
1, if ∥r∥ ≤ 𝑅(Δ𝑡)
0, otherwise

, (15)

where 𝑅(Δ𝑡) =
√
2𝐴Δ𝑡 .

Proposition A.4. The 𝑃 (∥r∥,Δ𝑡) defined in Example A.1 and A.2
satisfy Assumption 4.2

B Proof of the Results in the Supplementary
Materials

B.1 Proof of Lemma A.2
Recall the classic theorem: for random variable 𝑋 and matrix 𝐵 we
have

𝐸 [𝑋⊤𝐵𝑋 ] = 𝐸 [𝑋 ]⊤𝐵𝐸 [𝑋 ] + tr(𝐵 · cov[𝑋,𝑋 ]). (16)

Choose 𝑋 = r and we can obtain Lemma A.2.

B.2 Proof of Theorem A.1
We begin with the integral form of the density evolution:

𝑢 (x, 𝑡 + Δ𝑡) =
∫
R2

𝑃𝜙 (x − r, r,Δ𝑡) 𝑢 (x − r, 𝑡) 𝑑r. (17)

For convenience, we denote𝑢 (x, 𝑡) and 𝜙 (x) as𝑢 and 𝜙 , correspond-
ingly.

B.2.1 Taylor expansion of (17). First, we perform a second-order
Taylor expansion of 𝑢 (x − r, 𝑡) around x:

𝑢 (x − r, 𝑡) = 𝑢 − r⊤∇𝑢 + 1
2
r⊤∇2𝑢r +𝑂 (∥r∥3). (18)

Substitute Equation (18) into Equation (17), we have:

𝑢 (x, 𝑡 + Δ𝑡) =
∫
R2

𝑃𝜙 (x − r, r,Δ𝑡)
[
𝑢 − r⊤∇𝑢

+ 1
2
r⊤∇2𝑢r +𝑂 (∥r∥3)

]
𝑑r.

(19)

Since 𝑃𝜙 (x − r, r,Δ𝑡) is the probability density, we have∫
R2

𝑢𝑃𝜙 (x − r, r,Δ𝑡)𝑑r = 𝑢

∫
R2

𝑃𝜙 (x − r, r,Δ𝑡)𝑑r = 𝑢.

Therefore, Equation (19) is simplified to:

𝑢 (x, 𝑡 + Δ𝑡) = 𝑢 +
∫
R2

𝑃𝜙 (x − r, r,Δ𝑡)
[

− r⊤∇𝑢 + 1
2
r⊤∇2𝑢r +𝑂 (∥r∥3)

]
𝑑r.

(20)

According to Proposition 4.1, the transition kernel is given by:

𝑃𝜙 (x − r, r,Δ𝑡) = 1
𝑍
exp

(
− 𝛽

2
[𝜙 (x) − 𝜙 (x − r)]

)
𝑃 (∥r∥,Δ𝑡) . (21)

We first expand the potential difference in the exponent in (21):

𝜙 (x) − 𝜙 (x − r) = r⊤∇𝜙 +𝑂 (∥r∥2).
Substituting 𝑦 = [𝜙 (x) − 𝜙 (x − r)] and expanding the exponen-

tial function 𝑒𝑦 at 𝑦 = 0, we have:

𝑃𝜙 (x − r, r,Δ𝑡) = 1
𝑍

[
1 − 𝛽

2
r⊤∇𝜙 +𝑂 (∥r∥2)

]
𝑃 (∥r∥,Δ𝑡). (22)

Further, by substituting Equation (22) into the right-hand side
of Equation (20), we can obtain

𝑢 (x, 𝑡 + Δ𝑡) − 𝑢 =

∫
R2

1
𝑍

[
1 − 𝛽

2
r⊤∇𝜙 +𝑂 (∥r∥2)

]
[
−r⊤∇𝑢 + 1

2
r⊤∇2𝑢r +𝑂 (∥r∥3)

]
𝑃 (∥r∥,Δ𝑡) 𝑑r

=

∫
R2

1
𝑍

[
− r⊤∇𝑢 + 𝛽

2
r⊤∇𝜙 r⊤∇𝑢 + 1

2
r⊤∇2𝑢r

+𝑂 (∥r∥3)
]
𝑃 (∥r∥,Δ𝑡) 𝑑r.

(23)
By Equation (4), we have:∫

R2
−r⊤∇𝑢𝑃 (∥r∥,Δ𝑡)𝑑r = 0.

Therefore, Equation (23) is simplified to:

𝑢 (x, 𝑡 + Δ𝑡) − 𝑢 =

∫
R2

[
𝛽

2𝑍
r⊤∇𝜙 r⊤∇𝑢 + 1

2𝑍
r⊤∇2𝑢 r

+𝑂 (∥r∥3)
]
𝑃 (∥r∥,Δ𝑡) 𝑑r.

(24)
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B.2.2 Second-Order Terms in (24). First we examine the first term
in Equation (24):∫
R2

𝛽

2𝑍
r⊤∇𝜙r⊤∇𝑢𝑃 (∥r∥,Δ𝑡)𝑑r =

∫
R2

𝛽

2𝑍
∇𝜙⊤rr⊤∇𝑢𝑃 (∥r∥,Δ𝑡)𝑑r

=
𝛽

2𝑍
∇𝜙⊤

∫
R2

rr⊤𝑃 (∥r∥,Δ𝑡)𝑑r∇𝑢.

By Proposition 4.2, the first term in Equation (24) can be simpli-
fied as: ∫

R2

𝛽

2𝑍
r⊤∇𝜙r⊤∇𝑢𝑃 (∥r∥,Δ𝑡)𝑑r = 𝛽𝐷∇𝑢 · ∇𝜙Δ𝑡 . (25)

Then we examine the second term in Equation (24):∫
R2

1
2𝑍

r⊤∇2𝑢r𝑃 (∥r∥,Δ𝑡)𝑑r. (26)

Since matrix∇2𝑢 is independent of r and Δ𝑡 , according to Lemma
A.2, we can rewrite Equation (26) as:∫

R2

1
2𝑍

r⊤∇2𝑢r𝑃 (∥r∥,Δ𝑡)𝑑r = tr(∇2𝑢
1
2𝑍

∫
R2

r⊤r𝑃 (∥r∥,Δ𝑡)𝑑r) .
(27)

By Proposition 4.2, we simplify Equation (27) as:∫
R2

1
2𝑍

r⊤∇2𝑢r𝑃 (∥r∥,Δ𝑡)𝑑r = tr(∇2𝑢𝐷Δ𝑡I2) = 𝐷 (∇ ·∇𝑢)Δ𝑡 . (28)

B.2.3 Combine Results. Substituting Equation (25) and (28) into
Equation 24, we have:

𝑢 (x, 𝑡 + Δ𝑡) − 𝑢 = 𝛽𝐷 ∇𝑢 · ∇𝜙 Δ𝑡 + 𝐷 (∇ · ∇𝑢) Δ𝑡

+
∫
R2

𝑂 (∥r∥3) 𝑃 (∥r∥,Δ𝑡) 𝑑r
(29)

By (3), we have∫
R2

𝑂 (∥r∥3)𝑃 (∥r∥,Δ𝑡)𝑑r = 𝑜 (Δ𝑡).

It implies

𝑢 (x, 𝑡 + Δ𝑡) − 𝑢 = 𝛽𝐷∇𝑢 · ∇𝜙Δ𝑡 + 𝐷 (∇ · ∇𝑢)Δ𝑡 + 𝑜 (Δ𝑡).
Divide both sides by Δ𝑡 and let Δ𝑡 → 0, we obtain

𝜕𝑢

𝜕𝑡
= 𝐷∇ · ∇𝑢 + 𝛽𝐷∇𝑢 · ∇𝜙.

B.3 Proof of Proposition A.4
B.3.1 Gaussian kernel. In polar coordinates: 𝑑2r = 𝑟𝑑𝑟𝑑𝜃 .

𝐸
[
∥r∥2

]
=

∫ 2𝜋

0

∫ ∞

0
𝑟2

1
4𝜋𝐴Δ𝑡

𝑒−𝑟
2/(4𝐴Δ𝑡 )𝑟𝑑𝑟𝑑𝜃

=
1

2𝐴Δ𝑡

∫ ∞

0
𝑟3𝑒−𝑟

2/(4𝐴Δ𝑡 )𝑑𝑟

Let 𝑢 = 𝑟2/(4𝐴Δ𝑡), then we have 𝑟3𝑑𝑟 = 8(𝐴Δ𝑡)2𝑢𝑑𝑢:

𝐸
[
∥r∥2

]
=

1
2𝐴Δ𝑡

· 8(𝐴Δ𝑡)2
∫ ∞

0
𝑢𝑒−𝑢𝑑𝑢 = 4𝐴Δ𝑡

since
∫ ∞
0 𝑢𝑒−𝑢𝑑𝑢 = 1! = 1.

The third-order absolute moment is defined as

𝑀3 (Δ𝑡) =𝐸 [∥r∥3] =
∫
R2

∥r∥3𝑃 (∥r∥,Δ𝑡)𝑑2r

=

∫ 2𝜋

0

∫ ∞

0
𝑟3

1
4𝜋𝐴Δ𝑡

𝑒−𝑟
2/(4𝐴Δ𝑡 )𝑟𝑑𝑟𝑑𝜃

=
1

2𝐴Δ𝑡

∫ ∞

0
𝑟4𝑒−𝑟

2/(4𝐴Δ𝑡 )𝑑𝑟 .

By making the substitution 𝑢 = 𝑟2/(4𝐴Δ𝑡), we transform the
integral with 𝑟 = 2

√
𝐴Δ𝑡

√
𝑢 and 𝑑𝑟 =

√
𝐴Δ𝑡/

√
𝑢𝑑𝑢. The differ-

ential element becomes 𝑟4𝑑𝑟 = 16(𝐴Δ𝑡)5/2𝑢3/2𝑑𝑢. Substituting
this back yields 𝑀3 (Δ𝑡) = 1

2𝐴Δ𝑡 · 16(𝐴Δ𝑡)5/2
∫ ∞
0 𝑢3/2𝑒−𝑢𝑑𝑢 =

8(𝐴Δ𝑡)3/2Γ(5/2), where Γ(5/2) = 3
√
𝜋/4.

The final result is𝑀3 (Δ𝑡) = 6
√
𝜋𝐴3/2 (Δ𝑡)3/2, which exhibits the

scaling behavior𝑂 ((Δ𝑡)3/2) = 𝑜 (Δ𝑡) as Δ𝑡 → 0. This confirms that
the Gaussian kernel satisfies

∫
R2 ∥r∥3𝑃𝑑2r = 𝑜 (Δ𝑡).

B.3.2 uniform kernel. The second-order moment is defined as

M2 (Δ𝑡) =
∫
R2

rr⊤𝑃 (∥r∥,Δ𝑡)𝑑2r.

First, we compute the radial second-order moment 𝐸
[
∥r∥2

]
. In

polar coordinates, 𝑑2r = 𝑟 𝑑𝑟 𝑑𝜃 , yielding

𝐸
[
∥r∥2

]
=

∫ 2𝜋

0

∫ 𝑅

0
𝑟2

1
𝜋𝑅2

𝑟 𝑑𝑟 𝑑𝜃

=
2𝜋
𝜋𝑅2

∫ 𝑅

0
𝑟3 𝑑𝑟

=
2
𝑅2

[
𝑟4

4

]𝑅
0
=
𝑅2

2
.

Substituting 𝑅(Δ𝑡) =
√
2𝐴Δ𝑡 , we obtain

𝐸
[
∥r∥2

]
=

2𝐴Δ𝑡
2

= 𝐴Δ𝑡 .

Therefore, this kernel satisfies∫
R2

∥r∥2𝑃 𝑑r ≍ Δ𝑡 .

The third-order absolute moment is defined as

𝑀3 (Δ𝑡) = 𝐸
[
∥r∥3

]
=

∫
R2

∥r∥3 𝑃 (∥r∥,Δ𝑡) 𝑑2r.

In polar coordinates, 𝑑2r = 𝑟 𝑑𝑟 𝑑𝜃 , leading to

𝑀3 (Δ𝑡) =
∫ 2𝜋

0

∫ 𝑅

0
𝑟3

1
𝜋𝑅2

𝑟 𝑑𝑟 𝑑𝜃

=
2𝜋
𝜋𝑅2

∫ 𝑅

0
𝑟4 𝑑𝑟

=
2
𝑅2

[
𝑟5

5

]𝑅
0
=

2
5
𝑅3 .

Substituting 𝑅(Δ𝑡) =
√
2𝐴Δ𝑡 , we obtain

𝑀3 (Δ𝑡) =
2
5

(√
2𝐴Δ𝑡

)3
=

4
√
2

5
𝐴3/2 (Δ𝑡)3/2 .

Since
𝑀3 (Δ𝑡) = 𝑂

(
(Δ𝑡)3/2

)
= 𝑜 (Δ𝑡) (Δ𝑡 → 0),

the uniform disk kernel indeed satisfies∫
R2

∥r∥3 𝑃 𝑑r = 𝑜 (Δ𝑡),

which is consistent with the given requirement.
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C Proof of the Results in the Main Paper
C.1 Proof of Proposition 4.1 (From [74])
We start from Assumption 4.1, the Boltzmann distribution at equi-
librium in a conservative potential field 𝜙 (x):

𝜋 (x) ∝ 𝑒−𝛽𝜙 (x)

To preserve this equilibrium, we consider the transition proba-
bility with the detailed balance condition:

𝜋 (x)𝑃𝜙 (x, r,Δ𝑡) = 𝜋 (x + r)𝑃𝜙 (x + r,−r,Δ𝑡),
Substituting the Boltzmann distribution into the detailed balance

condition gives

𝑒−𝛽𝜙 (x)𝑃𝜙 (x, r,Δ𝑡) = 𝑒−𝛽𝜙 (x+r)𝑃𝜙 (x + r,−r,Δ𝑡) .
Rearranging, we obtain

𝑃𝜙 (x, r,Δ𝑡) = 𝑒−𝛽 [𝜙 (x+r)−𝜙 (x) ]𝑃𝜙 (x + r,−r,Δ𝑡) . (30)

Here, we use isotropic core function 𝑃 (r,Δ𝑡) = 𝑃 (∥r∥,Δ𝑡) to
construct 𝑃𝜙 (x, r,Δ𝑡) that satisfies Equation (30). We define

𝑃𝜙 (x, r,Δ𝑡) =
1
𝑍
𝑒−

𝛽

2 [𝜙 (x+r)−𝜙 (x) ]𝑃 (∥r∥,Δ𝑡),

where𝑍 is the normalization constant that ensures
∫
R2 𝑃𝜙 (x, r,Δ𝑡) 𝑑r =

1. It implies Proposition 4.1.

C.2 Proof of Proposition 4.2
Denote the left-hand side of (5) as D̃. Since 𝑃 (∥r∥) is isotropic, we
have

𝐷𝑖 𝑗 =
1

2𝑍Δ𝑡

∫
R2

𝑃 (∥r∥) 𝑟𝑖𝑟 𝑗 𝑑r.

For 𝑖 ≠ 𝑗 , consider the transformation 𝑟𝑖 ↦→ −𝑟𝑖 . The product
𝑟𝑖𝑟 𝑗 changes sign while the kernel remains unchanged, implying

𝐷𝑖 𝑗 = 0, for 𝑖 ≠ 𝑗 .

For diagonal elements 𝐷𝑖𝑖 , all components contribute equally
due to directional symmetry, so 𝐷11 = 𝐷22. Hence

D̃ = 𝐷 · I2, and 𝜇 = 𝛽𝐷.

C.3 Proof of Theorem 4.3
By Assumption 4.3, we have:

𝑢𝑖 (x, 𝑡 +Δ𝑡) =
∫
R2

𝑃𝜙,𝑖 (x− r, r) 𝑢𝑖 (x− r, 𝑡) 𝑑r−
∑︁
𝑗

𝜉 𝑗𝑖 𝐽 𝑗 (x, 𝑡) (31)

Obviously, 𝐽 𝑗 (x) can be written as:

−𝐽 𝑗 (x, 𝑡) =
∫
R2

𝑃𝜙,𝑗 (x − r, r) 𝑢 𝑗 (x − r, 𝑡) − 𝑃𝜙,𝑗 (x, r) 𝑢 𝑗 (x, 𝑡) 𝑑r

=

∫
R2

𝑃𝜙,𝑗 (x − r, r) 𝑢 𝑗 (x − r, 𝑡) 𝑑r − 𝑢 𝑗 (x, 𝑡)

Similar to Section B.2, we have:∫
R2

𝑃𝜙,𝑗 (x − r, r) 𝑢 𝑗 (x − r, 𝑡) 𝑑r = 𝑢 𝑗 (x, 𝑡 + Δ𝑡)

= 𝑢 𝑗 + 𝛽 𝑗𝐷 𝑗 ∇x𝑢 𝑗 · ∇x𝜙 Δ𝑡

+ 𝐷 𝑗 (∇x · ∇x𝑢 𝑗 ) Δ𝑡 + 𝑜 (Δ𝑡)
(32)

and∫
R2

𝑃𝜙,𝑖 (x − r, r) 𝑢𝑖 (x − r, 𝑡) 𝑑r = 𝑢𝑖 (x, 𝑡 + Δ𝑡)

= 𝑢𝑖 + 𝛽𝑖𝐷𝑖 ∇x𝑢𝑖 · ∇x𝜙 Δ𝑡

+ 𝐷𝑖 (∇x · ∇x𝑢𝑖 ) Δ𝑡 + 𝑜 (Δ𝑡)
(33)

Therefore, we have:

−𝐽 𝑗 (x, 𝑡) = 𝛽 𝑗𝐷 𝑗∇x𝑢 𝑗 · ∇x𝜙Δ𝑡 + 𝐷 𝑗 (∇x · ∇x𝑢 𝑗 )Δ𝑡 + 𝑜 (Δ𝑡) (34)

Substitute Equation 33 and Equation 34 into Equation 31, we
have:

𝑢𝑖 (x, 𝑡 + Δ𝑡) − 𝑢𝑖 = 𝛽𝑖𝐷𝑖 ∇x𝑢𝑖 · ∇x𝜙 Δ𝑡 + 𝐷𝑖 (∇x · ∇x𝑢𝑖 ) Δ𝑡

+
∑︁
𝑗

𝜉 𝑗𝑖 𝛽 𝑗𝐷 𝑗 ∇x𝑢 𝑗 · ∇x𝜙 Δ𝑡

+
∑︁
𝑗

𝜉 𝑗𝑖 𝐷 𝑗 (∇x · ∇x𝑢 𝑗 ) Δ𝑡

+ 𝑜 (Δ𝑡)

(35)

Divide both sides by Δ𝑡 and let Δ𝑡 → 0, we have:

𝜕𝑢𝑖

𝜕𝑡
= 𝛽𝑖𝐷𝑖∇x𝑢𝑖 · ∇x𝜙Δ𝑡 + 𝐷𝑖 (∇x · ∇x𝑢𝑖 )

+
∑︁
𝑗

𝜉 𝑗𝑖
[
𝛽 𝑗𝐷 𝑗∇x𝑢 𝑗 · ∇x𝜙Δ𝑡 + 𝐷 𝑗 (∇x · ∇x𝑢 𝑗 )

] (36)

Written in vector form, we have:

𝜕u
𝜕𝑡

= (𝝃⊤ + I𝑙 )
[
D ⊙ (∇x · ∇xu) + D ⊙ 𝜷 ⊙ {(∇xu)⊤∇x𝜙}

]
, (37)

where ∇xu = [∇x𝑢1, . . . ,∇x𝑢𝑙 ] and ∇x · ∇xu = (∇x · ∇x𝑢1, . . . ,∇x ·
∇x𝑢𝑙 )⊤.
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D Justification for Model Assumptions
Justification for Assumption 4.1 (Boltzmann Distribution).
Assumption 4.1 is reasonable because it mathematically formal-
izes a core principle of strategic behavior in conflict: actors are
not random but instead probabilistically favor locations that max-
imize their advantage. In social science terms, a location’s strate-
gic value—derived from factors like defensible terrain, resource
availability, or the presence of sympathetic populations—creates an
uneven "landscape" of opportunity. The Boltzmann distribution pro-
vides a robust way to model this, treating advantageous locations
as low-potential-energy states that actors are more likely to oc-
cupy. This assumption directly translates the rational, goal-oriented
behavior of conflict actors into a principled and well-established
statistical physics framework.

Justification for Assumption 4.2 (Local Transition Scaling).
Assumption 4.2 is reasonable because it embeds real-world physical
and logistical constraints directly into the model. Conflict propaga-
tion is not instantaneous. The movement of personnel, resources,
and influence is inherently limited by factors such as terrain, in-
frastructure, and communication speed. This assumption enforces
these frictions by ensuring that influence spreads through a series
of local, incremental steps over short time intervals, rather than
through implausible long-range jumps. This aligns with extensive
empirical evidence on the contagion patterns of insurgencies and
protest movements, making the resulting diffusion process more
physically realistic.

Justification for Assumption 4.3 (Coupling of Transitions).
Assumption 4.3 is reasonable because it reflects the interdependent
nature of conflict drivers, a central tenet of modern conflict theory.
Violent conflict is rarely caused by a single factor but rather emerges
from the convergence ofmultiple, correlated dynamics. For example,
a flow of displaced people is often linked to shifts in resource control
and the movement of armed groups. This assumption explicitly
models this co-movement, allowing the framework to capture the
multivariate reality of conflict escalation instead of treating each
driver as an isolated phenomenon.

E Data and Features
All inputs are harmonised to the PRIO-GRID lattice and monthly
time steps for Africa, 1990–2020. Table 4 groups the resulting vari-
ables into twelve thematic blocks. Dynamic layers—conflict and
protest events from UCDP GED, ACLED, and SCAD—are converted
to cell-month counts, lags, moving sums, and distance-weighted
kernels to retain short-run memory. Semi-dynamic socio-economic
indicators (night-time lights, infant mortality, gross cell product)
are updated annually or as new satellite rasters become available.
Truly static layers (terrain, distance to borders, mineral deposits,
ethnic power relations) enter unchanged. Climate stressors are
captured with multi-scale SPEI drought indices and agricultural-
season dummies, while land-cover fractions, population density,
and travel-time maps provide background capacity and exposure.

In our experiments, the features belonging to the first two cat-
egories in Tabel 4 (i.e., Conflict events and Protest events) are re-
garded as dynamic and jointly encoded via an LSTM-GCN frame-
work. The remaining features are treated as static and encoded
independently using a GCN.

F Details of ConflictNet
F.1 Settings
To construct the graph G(V, E,T), we treat each of the𝑁 grid cells
as a node withinV . Nodes are interconnected based on geographic
proximity, with each node linked to its nearest 24 neighbors, form-
ing the edge set E. This design captures the spatial interrelations
essential for conflict prediction. The time dimension is represented
by T , encompassing𝑇 discrete time points across our study period.

We use data from the past 𝑝 = 12 months [𝑡 − 12, 𝑡] to predict
the probability of conflict after ℎ months, ℎ = 1, 3, 6, 9. For the
practical application of Partial Differential Equations (PDEs) in
modeling conflict spread, we discretize temporal data by dividing
each month into five equal segments. This approach enhances our
model’s temporal resolution, enabling a more detailed analysis of
conflict dynamics over time. All the parameters are initialized with
Glorot initialization, and we use Adam optimizer. We performed 3-
fold cross-validation with the test set starting in Jan 2013, Jan 2016,
and Jan 2019, and 24 months in length, the validation set is the 12
months before the test set starting point, and the rest as the training
set. To rigorously evaluate our model’s predictive performance,
we employ ROC-AUC and PR-AUC metrics for assessing overall
accuracy and sensitivity to positive cases, respectively. Additionally,
the 𝐹𝑖 -Score is utilized to balance precision and recall, providing a
holistic view of model efficacy in predicting conflict occurrences.All
programs are implemented using Python 3.8 and PyTorch 1.11.0
with CUDA 11.8 in the ubuntu20.04 system with RTX4090 NVIDIA
GPU devices.

F.2 De-bias Module
We apply spatio-temporal debiasing to the features extracted by the
encoder, following the causal representation learning framework
proposed in [20]. The goal is to reduce confounding introduced by
temporally and spatially specific factors, so that the learned features
reflect causal drivers of conflict rather than spurious associations.

Concretely, given a biased feature representation 𝑓𝑏 ∈ R𝑑𝑚 out-
put by the encoder, we compute a debiased feature 𝑓𝑑𝑏 ∈ R𝑑𝑚 using
a linear combination of the original feature and a context-aware
adjustment term:

𝑓𝑑𝑏 ≈𝑊𝑥 𝑓𝑏 +𝑊𝑠𝑟𝑏

where𝑊𝑥 and𝑊𝑠 ∈ R𝑑𝑚×𝑑𝑚 are learnable projection matrices, and
𝑟𝑏 is a debiasing factor constructed from category-level reference
features.

To obtain 𝑟𝑏 , we first define a set of reference features {𝑠𝑖 }, where
each 𝑠𝑖 ∈ R𝑑𝑚 is the average encoder output over all samples in
category 𝑖 . Let 𝑃 (𝑖) denote the empirical frequency of category 𝑖 ,
and 𝛼𝑖 be the attention weight assigned to category 𝑖 . Then the
debiasing factor is computed as a weighted sum:

𝑟𝑏 =
∑︁
𝑖=1

𝛼𝑖𝑠𝑖𝑃 (𝑖)

The weights 𝛼𝑖 are computed using a scaled dot-product attention
mechanism:

𝛼𝑖 = softmax
( (𝑊𝑞 𝑓𝑏 )⊤ (𝑊𝑘𝑠𝑖 )√

𝑑𝑚

)
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Table 4: Feature categories used in the model. Each row summarises a group of variables.

Category Typical features / transforms Main data sources

Conflict events UCDP fatality counts, event lags, moving sums, spatial / spatio-temporal kernels, exponential
decay weights.

UCDPGED

Protest events Cell-month counts and fatalities for riots / demonstrations, identical lag and kernel transforms
as conflict events.

ACLED; SCAD

Population density Log of total population per cell. GPW v4
Night-time lights Mean VIIRS / DMSP intensity (calibrated). NOAA VIIRS
Socio-economic status Infant mortality, gross cell product, urban share, travel-time to city. SEDAC; WB;

Uchida–Nelson (2009)
Land-cover composition Forest, cropland, pasture, shrub, urban fractions. MODIS; PRIO-GRID v2
Climate / drought SPEI indices, drought frequency, anomalies, 1–48 month lags. SPEI Monitor
Agricultural seasonality Growing-season dummy, harvest volume, irrigated vs. rain-fed share. MIRCA2000; MapSPAM
Physical geography Mountain share, distance to coast / capital / border, travel-time to nearest city. UNEP-WCMC; CShapes
Natural resources Distance to diamond, petroleum, and other mineral deposits. PRIO-GRID resource layers
Ethnic power relations Count of excluded or powerless groups within cell. EPR dataset
Derived spatial kernels Pure spatial lags, 𝑘-nearest event distances, time-since-last-event decays. Derived from GED / ACLED

where𝑊𝑞,𝑊𝑘 ∈ R𝑑𝑚×𝑑𝑚 are learnable query and key matrices, and
𝑑𝑚 is the feature dimension. This mechanism encourages the model
to selectively align each instance with prototypical representations
from relevant categories, thus reducing bias introduced by category
imbalance or context-specific artifacts.

The categories used for debiasing are constructed along both
temporal and spatial dimensions. Temporally, we divide the data
into three historical periods, each corresponding to a distinct global
conflict environment, as suggested in [32, 33]. This division reflects
major shifts in the global security landscape. Specifically, we define

the three periods as: before September 2008, from September 2008 to
December 2010, and after December 2010. Within each period, con-
flict triggers are more homogeneous, allowing the model to better
isolate time-invariant factors and reduce temporal confounding in
feature representations. Spatially, we group grid cells at the country
level, following the assumption that within-country conflict pat-
terns tend to share common underlying drivers (e.g., regime type,
socio-political structure), as supported by the PRIO-Grid frame-
work [78]. This yields a coarse-grained spatial categorization that
avoids overfitting to fine-grained local idiosyncrasies.
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Figure 5: Correlation matrix among selected features, high-
lighting cross-category coupling between natural and social
conditions.

Table 5: Ablation of hyperparameters of the loss function.

𝛾1 𝛾2 𝛾3 𝛾4 PR-AUC ROC-AUC F1

100 0.2 100 0.5 56.7 97 53.7
100 0.2 10 0.05 56.6 97 53.9
100 0.2 1000 5 56.7 97 53.4

Figure 6: Thermodynamic diagrams depicting the baseline
method or ConflictNet conflict factors, along with corre-
sponding labels, in Africa every three months from June
2012 to June 2013.

H Broader Societal Impacts
ConflictNet has the potential to support positive societal outcomes
by enhancing early warning systems and informing targeted peace-
keeping or humanitarian responses. By modeling the spatial and
temporal dynamics of armed conflict, the framework may assist
policymakers and international organizations in anticipating es-
calation, pre-positioning aid, or identifying high-risk zones for
intervention. The model’s interpretability also supports academic
efforts to better understand the mechanisms of conflict diffusion.

We do not foresee direct negative societal impacts from this work.
The model operates at an aggregate, subnational level and does not
rely on sensitive individual-level data, reducing risks of misuse or
harm. Nonetheless, responsible deployment of conflict forecasting
tools—particularly in politically sensitive settings—requires trans-
parency, local engagement, and caution in interpreting probabilistic
outputs.
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