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Modelling global trade with optimal
transport

Thomas Gaskin 1,2,3 , Guven Demirel4, Marie-Therese Wolfram5 &
Andrew Duncan3

Global trade is shaped by a complex mix of factors beyond supply and
demand, including tangible variables like transport costs and tariffs, as well as
less quantifiable influences such as political and economic relations. Tradi-
tionally, economists model trade using gravity models, which rely on explicit
covariates that might struggle to capture these subtler drivers of trade. In this
work, we employ optimal transport and a deep neural network to learn a time-
dependent cost function from data, without imposing a specific functional
form. This approach consistently outperforms traditional gravity models in
accuracy and has similar performance to three-way gravity models, while
providing natural uncertainty quantification. Applying our framework to glo-
bal food and agricultural trade, we show that low income countries experi-
enced disproportionately higher increases in trade costs due to the war in
Ukraine’s impact on wheat markets. We also analyse the effects of free-trade
agreements and trade disputes with China, as well as Brexit’s impact on British
trade with Europe, uncovering hidden patterns that trade volumes alone
cannot reveal.

International trade serves as the backbone of the world economy,
distributing goods and connecting markets through global logistics
networks. Its dynamics are driven by numerous factors beyondmere
supply anddemand, such as tariffs, non-tariff policy barriers, political
and economic tensions, and disruptions caused by accidents, con-
flicts, and civil wars. Among all traded commodities, agricultural and
food products hold particular interest for policymakers and the
general public due to their considerable volume, high trade value,
and critical role in food security and resilience1,2. Consumer food
prices are a product of all the complexly interwoven factors gov-
erning trade. However, they do not always directly reflect the ease of
doing business between any two countries. For instance, in May
2020, China imposed an 80% tariff on Australian barley, leading to a
major restructuring of global supply chains: Chinese demand was
suddenly met from France, Canada, and Argentina, while Australia
started exporting surplus barley e.g. to Saudi Arabia. Despite these

shifts, for the next five months the global barley price barely
budged3,4.

Modelling global trade has garnered much attention in the eco-
nomics literature, with gravity models being the most widely used
approach5–9. Thesemodels, named for their direct analogy toNewton’s
law of gravity, assume that the total trade Tij of a given commodity
between two countries i and j is proportional to the total output Oi of
the source country and the total expenditure Ej of the destination
country, as well as being inversely related to a ‘distance’between them:

TijðtÞ �
OiðtÞEjðtÞ
CijðtÞ

: ð1Þ

This distance Cij comprises all factors that contribute to the ease of
selling goods produced in one country to another, including trans-
portation costs, information costs, and tariff and non-tariff barriers to
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trade. Traditional gravity models use a set of covariates to estimate Cij

as

logCijðtÞ =
P
k
αkπi, kðtÞ+

P
l
βlχ j, lðtÞ

+
P
m

γmρij,mðtÞ,
ð2Þ

whereπi and χj are exogenous exporter and importer-side regressors10,
which can be specified as fixed effects, ρij are bilateral covariates, and α,
β, γ are the coefficient vectors. Commonly used covariates include
geographic proximity, the existence of trade agreements, colonial ties,
tariffs, non-tariff barriers, or shared languages11. The structural gravity
model corrects Eq. (1) with import and export multilateral resistance
terms, which account for the relative nature of bilateral trade shares.
This adjustment has been shown to align with various microeconomic
models7. Gravitymodels have beenwidely used to study agrifood trade.
For instance, ref. 12 estimates residual trade costs based on a micro-
founded gravity equation, finding ad-valorem costs to be 60% higher in
the Global South compared to the North. Studies have also investigated
the impact of global and regional trade agreements13,14 and the effect of
eliminating tariffs15,16.

The gravity-based approach is attractive to researchers due to its
interpretability, mathematical simplicity, and consistency with various
microeconomic theories9. However, it is notwithout its limitations. For
one, multilateral trade resistance terms, central to the structural
gravity model, are unobservable and must be estimated, often using
fixedeffects11. Elasticity andother keyparameters areoftenunavailable
at a granular level, requiring aggregation that can introduce bias17. The
model’s cost function also depends heavily on the choice of covariates
and functional form, making specification crucial for interpreting
results. In addition, unobservables—such as the subtle effects of
changing political relations, public preferences, or aversions toward
products from specific countries—are absorbed in the error term.
Finally, while trade costs are generally asymmetric (Cij ≠Cji), commonly
used covariates are not, making it difficult for a model to capture the
inherent imbalances in trade relationships. See9,11,18 for a deeper dis-
cussion of challenges and best practices.

In this work, we present a more general approach that dispenses
with the use of covariates and a functional form, instead inferring the
cost directly from data. Our method is based on the optimal transport
(OT) framework19, which generalises gravity-based models. In OT,
trade flows are assumed tomatch supply and demand to minimise the
overall cost. Mathematically, this is expressed as follows: let C 2 Rm×n

be amatrix quantifying the ‘cost’ (in a general sense) of moving goods
from country i to j. Given the supply vector μ 2 Rm and the demand
vector ν 2 Rn, the OT problem consists in finding a transport plan, i.e.
a matrix T 2 Rm×n

+ , with entries Tij modelling the total volume (or
value) of transport from country i to j, such that the total cost

cðTÞ=
X
i, j

T ijCij ð3Þ

is minimised. In addition, the marginal constraintsX
i

T ij =μ,
X
i

T ij = ν ð4Þ

must be satisfied, ensuring that demand and supply are met. It is
advantageous to add a regularisation term to the cost, as it ensures
existence of a unique solution and improves computational efficiency;
the total cost then becomes

cεðTÞ= cðTÞ � εHðTÞ, ð5Þ

where HðTÞ= �P
ijT ijðlogTij � 1Þ denotes the negative entropy of T

and ε > 0 is a regularisation parameter. It can be shown that the

solution will then be of the form

T=πe�C=εΩ, ð6Þ

where Π and Ω are diagonal scaling matrices which ensure that the
marginal constraints hold (see ‘Methods’). As described in ref. 20,
gravity models can be reformulated as solutions of a regularised OT
problem with an appropriate choice of parameters. While OT-based
models might appear to suggest a centralised control of flows, its dual
formulation admits an alternative, decentralised interpretation of
importers seeking to minimise the cost of purchasing commodities
and exporters seeking to maximise their profit (see ‘Methods’). The
solution at equilibrium coincides with the solution of the OT
problem21, which in its classic form (3)–(4) is well understood. This is
less true for the corresponding inverse problem we are interested in,
despite its mathematical and practical importance: given a (possibly
noisy) observation of T, μ, and ν, this problem consists in inferring the
underlying cost C. Maximum likelihood estimation of costs relates to
the inverse OT problem; however, the specific parametrization of the
cost matrix in gravity models demands careful estimator design.
Moreover, zeros and heteroscedasticity in observed trade flows cause
misspecification in gravity model estimation, affecting estimator
performance (see ref. 22).

The inference methodology presented in this work is a deep
learning approach to solve the inverse OT problem, based on recent
work on neural parameter calibration23,24. We assume no underlying
covariate structure of trade costs, but instead infer a general cost
matrixC, parametrised as a deep neural network, directly fromdata on
trade flows. We train a neural network u to recognise cost matrices
from observations of transport plans for the global food and agri-
cultural trade from2000 to 2022 (the ‘training data’) by constraining it
to satisfy Eq. (6). Put simply, this means fitting the mathematical OT
equation to the data in such away that the predicted costmatricesC(t)
reproduce the observations T(t). The trained neural network then
solves the inverse problem

CðtÞ=uðTðtÞÞ ð7Þ

on the observations. Though its ability to generalise to new observa-
tions depends on the amount of training data, its performance on the
trainingdata itself does not. Aprobability densityρCon the estimates is
then naturally obtained as the pushforward measure

ρC = u#ρT , ð8Þ

where ρT is the measure on T. Additionally, we train a family of neural
networks to capture the spread in cost matrices that optimally
reproduce the transport plan (see ‘Methods’). As we demonstrate, this
approach produces trade flow estimates that are an order of magni-
tude more accurate than those of a traditional covariate-based
gravity model.

The dataset under consideration was assembled by the Food and
Agricultural Organisation of the United Nations (FAO), which provides
global trade matrices for over 500 products on its portal25. Though
extensive, many entries in the trade matrices are missing. Further-
more, the FAO reports two values for each bilateral flow Tij: one
reported by the exporter, and one reported by the importer. There is
often a considerable discrepancy between the two, due to a multitude
of epistemic factors the FAO lists in its accompanying report26. The
uncertainty on our estimates naturally follows the uncertainty on the
FAO data, without presupposing an underlying statistical model.

We apply our method to analyse global commodity flows from
2000 to 2022, examining the impacts of events, conflicts, trade
agreements, and political changes on trade. The cost matrix uncovers
economic effects that are not evident in trade volumes or retail prices
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alone. The article begins with a study of the war in Ukraine’s impact on
global wheat trade, followed by an analysis of free trade agreements
and disputes in the Asia-Pacific, as well as the United Kingdom’s exit
from the European Union (Brexit). We demonstrate our method’s
ability to provide meaningful uncertainty quantification and compare
it to a traditional gravity model, demonstrating superior prediction
accuracy.

Results
Case study I: The impact of the war in Ukraine on wheat trade
The Russian Federation’s invasion of Ukraine in early 2022 sent shock
waves throughglobal foodmarkets27. Russia andUkraine are twoof the
largest exporters of wheat, together accounting for almost 28% of
global wheat exports in 2020. The blockade of trading routes through
the Black Sea and the closure or destruction of ports in Mykolaiv and
Kherson meant a drop in trade to the overwhelming majority of

Ukraine’s export destinations, in some cases by as much as 100%
(Fig. 1A, B). An increase of wheat exports only occurred to Europe,
most notably to Poland, Spain, Slovakia, Romania, as well as to Algeria
and Türkiye. However, our analysis indicates that, although trade
shrank across the globe, the accompanying increase in wheat trade
costs disproportionately affected low and lower-middle-income
countries, in particular African nations. Of the ten countries with the
largest rise in wheat import costs, five are inAfrica, and all are of lowor
lower-middle income, while of the ten countries with the largest
decrease in trade barrierswithUkraine, nine are in Europe (see Figs. S5,
S7, and S8 in the SI). Countries such as Nigeria or Angola, while
experiencing a similar drop in trade as Norway or France, simulta-
neously saw an increase in their trade costs. Canadian imports fell by
91%, yet unit trade costs remained nearly constant, while similar drops
in Zambia or the DR Congo led tomarked increases in unit trade costs,
pointing to trading barriers. European countries saw an average 9%

Fig. 1 | Ukrainian wheat exports, 2021–2022. A Network of Ukrainian exports,
2021 and 2022. Shown are the largest trading partners, making up 99% of Ukrainian
exports. The blue node represents the total Ukrainian export volume (in metric
tons), the red nodes are the import volumes. Edge widths represent the flow
volume. B The change in trade volume (left) and trade cost (right) for the largest

trading partners. The large relative increase in trade to India is small in absolute
terms and statistically not significant. Countries in grey either have no trade data
for the period shown, or are below the 99% pooling limit (see ‘Methods’). C Percent
change in trade volume (left bar) and change in trade cost (right bar) for selected
countries.
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drop in unit wheat trade costs with Ukraine, while Sub-Saharan Africa
saw an average 22% increase (see Fig. S7 in the SI). Imports of wheat
from Russia also fell globally (see Fig. S6 in the SI), again affecting
Africa particularly severely. European imports of Russian wheat fell by
around 74%with an 18% increase in trade costs; African imports fell by
an average 80% with a 36% increase in trade costs. While many Eur-
opean countries saw their imports of Ukrainian wheat rise, Russian
imports fell sharply. The two largest hubs for Russianwheat, Egypt and
Türkiye, saw no change in their import volumes and small declines in
their import barriers. Meanwhile, Iran saw a 0.51 point increase in
wheat unit trade costs, leading to a 97% percent decline in Ukrainian
wheat imports. For Russian wheat, the estimated increase in trade
costs was only 0.04, leading to a drop in imports of 53%. Russian-
Iranian trade barriers were thus not markedly affected by the war,
despite a drop in trade volumes.

Case study II: Trade in Southeast Asia and Asia-Pacific
A series of free-trade agreements came into effect in Southeast Asia
and theAsia-Pacific region in the 2000s and2010s, significantly among
them the China-Australia Free Trade Agreement (ChAFTA) in 2015, the
ASEAN-China free trade agreement (ACFTA, gradually entering into
force from 2003) and the Comprehensive and Progressive Agreement
for Trans-Pacific Partnership (CPTPP) between 11 counties bordering

the Pacific Ocean (2018)28–30. Together with China’s accession to the
WTO in 2001 and its rapid economic growth, these trade agreements
coincide with some of the largest increases in trade flows in recent
history. In Fig. 2A, we show the trade flow of sugar and sugar products
from Thailand, Malaysia, and India to China, as well as the estimated
costs. In our model, the cost of importing sugar from Thailand fell
consistently from 2000 to 2022, following a general trend for ASEAN
countries (bottom row, green line) which commenced around 2005.
Indian exports, by comparison, remained relatively low until 2015,
when Indian Prime Minister Narendra Modi visited China, and top
officials from both sides agreed to increase bilateral trade to US$100
billionby the end of the year. This visitmarked a dramatic shift in Indo-
Chinese trade, as exemplifiedby thehuge increase in sugar trade. From
2015 to 2022, sugar export cost from India dropped sharply by 33%,
precipitating a steep increase in trade. By contrast, trade cost from
non-ASEAN members has remained constant over the past twenty
years (red line, Fig. 2A).

The PRC is one of Australia’s largest export markets for food and
agricultural products. Our analysis suggests a precipitous reduction in
trade barriers for Australian exports since China’s accession to the
WTO in 2001 (see Fig. 2B), particularly for beef, wheat, wine, and dairy.
Between 2002 and 2010, these commodities saw a 30–50% drop in
their respective trade costs. Our estimates indicate that ChAFTA had

Fig. 2 | Trade with China. A Export of sugar products to China from ASEAN
(Association of Southeast Asian Nations). Top row: estimated trade volume (light
blue) in million metric tons, as well as the reported values. Bottom row: estimated
cost, together with the ASEAN and non-ASEAN averages. B Australian exports to
China, selected commodities. Top row: model estimated flow and FAO data; bot-
tom row: estimated cost. Indicated are the signing of ChAFTA (2015, green dotted

line) as well as the start of the US-China and Australia-China trade disputes (2018
and 2020, red dotted lines). Central lines and markers indicate the mean, and
errorbands indicate one standard deviation. Sugar products comprise: sugar,
refined sugar, syrups, fructose, sugar confectionery. Dairy products comprise:
butter, skim milk of cows, cheese, other dairy products.
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little effect on Australian trade costs, since it succeeded a period of
deepening ties. Dairy trade costs, for instance, had already fallen from
0.51 to 0.1 from 2000 to 2015, thereafter only falling a further 0.04
points until 2020. Wine exports too saw their largest reductions in
trade costs between 2000 and 2010, only experiencing a 0.07 drop
from 2015 to 2018 compared to the 0.52 point reduction from
2000 to 2015.

In January 2018, the first Trump administration started imposing
import tariffs on goods primarily fromChina. In response, the Chinese
government increased tariffs on a variety of products, including agri-
cultural imports. The largest agricultural export from the US to China,
soya beans, were targeted by a 25% import tariff31. Meanwhile, political
tensions between China and Australia caused Beijing to introduce high
anti-dumping tariffs on Australian exports such as barley (80.5%) and
wine (206%), starting in 202032. Wine trade had previously been tariff-
free since the signing of ChAFTA in 2015. Our analysis provides an

estimate of the change in the ease of trading these measures induced
(Figs. 2B, 3 and 4). Australian beef, wine and barley imports all
experienced large increases in cost, following the implosion of trade
volumes. Australia was able to divert some of its excess barley supply
to Saudi Arabia, which saw a decrease in trade costs of over 0.8 points
between 2019 and 2022 (Fig. 3C). Trade volumes to Vietnam also
increased from 200,000 to 800,000 metric tons, though trade costs
remained approximately constant. Meanwhile, after 2020 China dou-
bled its barley imports fromCanada and France.We found that import
barriers from both countries were reduced only slightly in 2021 and
rebounded the following year.

Case study III: Brexit
In 2016, the United Kingdom voted to leave the European Union,
officially exiting the commonmarket and customs union onDecember
31, 2020. This case study examines the impact of Brexit on British

Fig. 3 | Global barley trade between 2015 and 2022. After the introduction of
Chinese import tariffs on Australian barley in May 2020, the entire supply chain
restructured itself, with Chinese demand being supplied from France, Canada, and
Ukraine, and Australia increasingly exporting to Saudi Arabia and Southeast Asia.
A Trade in 2018 and 2021. Importing countries are shown in red, export values in

blue, with node sizes and edge widths representing total volumes. B Barley export
costs to China in 2018 and 2021. C Model estimated trade volumes (top row) and
cost (bottom row) for selected countries. Dotted lines indicate the start of the US-
China and Australia-China trade wars. Central lines andmarkers indicate the mean,
and errorbands indicate one standard deviation.
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import patterns by comparing vegetable and wine imports from
mainland Europe to both the United Kingdom and the Republic of
Ireland (ROI), which remains part of the Eurozone and the common
market.While both island nations naturally source themajority of their
fresh produce from mainland Europe, their trading patterns have
evolved in markedly different ways (Fig. 5A). Imports of lettuce from
Europe generally fell for the UK, accompanied by a rise in import cost:
25% decrease in trade volume and +0.04 in import costs from the
Netherlands, the largest exporter of lettuce and chicory to the UK, as
well as a 28% drop in trade from Spain, though with no change in
import cost. Ireland increased its imports of lettuce and other greens
from the Netherlands, Spain, and Italy, accompanied by a general
decrease in trading costs for those products. The ROI’s imports of
greenery from Portugal fell by 53%, with no change in trade barriers;
for the UK, a 71% fall in trade volumes accompanied a 0.12 point
increase in trade cost. In the case of the Netherlands, Ireland saw a

consistent reduction in vegetable trade costs, unlike the United King-
dom. It is interesting to note that the United Kingdom sharply
increased its imports of vegetables from Morocco, accompanied by a
precipitous drop in trade costs, indicating a facilitation of trade
between the two countries in thewake of Brexit. This is not true for the
ROI: though it increased its imports of Moroccan tomatoes and
cucumbers, Irish trade costs remained mostly unchanged.

A clearer-cut trend emerges in the wine trade (Fig. 5B): here, the
UK was consistently affected more negatively than the Republic of
Ireland: British import costs from all eight countries considered rose
by considerablymore than those of the ROI. A 9%drop in Spanishwine
import by the UK was accompanied by a 7% increase in trading costs,
while a 13% drop in Irish imports only meant a 5% increase in costs.
Portuguese wine imports to the UK rose by 16%, notwithstanding a
0.05 increase in trade costs. A similar pattern holds for South African,
Australian, and New Zealand imports. The EU maintains free trade or

Fig. 4 | Global soya bean trade. A In 2018, the Chinese government raised import
tariffs on American soya beans in a retaliatory action against US trade restrictions.
The shortfall was met by imports from Brazil. B Soya bean yield in tons/hectare.
Argentina in 2018 experienced a major drop in yields, leading to an increase in

exports from theUS.CPredicted trade volumes inmillionmetric tons (top row) and
predicted cost (bottom row). Central lines and markers indicate the mean, and
errorbands indicate one standard deviation.
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regulatory agreements removing wine import duties with the former
two33,34. When the UK left the European Union, wine from Australia
entered the UK at the Global Tariff rate, which in mid-2023 was
eliminated under the Australia-United Kingdom FTA35. South African
wines, by contrast, continued to be imported to theUK tariff-free post-
Brexit36. Yet here too, the United Kingdom’s 13% decrease in imports
was driven by a 0.07 increase in trading costs; Ireland, by contrast,
imported 19% less wine, driven by a comparable 0.07 point increase in
trading costs.

Comparison with gravity model
Lastly, we compare the performance of our method with a traditional
gravity model11,37–39, as specified in Eqs. (1) and (2). The covariates
include geographic distance, shared borders, colonial ties, common
language, regional trade agreements, tariffs, and importer/exporter
fixed effects. We estimate the coefficients using Poisson Pseudo
Maximum Likelihood estimation22,40 and compare the accuracy of the
estimated transport plans T. Figure 6A, B shows scatter plots of the OT
(blue) and the gravity (orange) estimates against the FAO data. For all
commodities studied, a linear fit through the OT estimates yields a

near-perfect slope of m = 1 with a Pearson coefficient close to 1, par-
ticularly providing an exact fit for the upper tail of the trade value
distribution. In contrast, the gravity model’s performance is much
more volatile, with linear fits ranging from a Pearson coefficient of
between 0.975 (best) to 0.699 (worst) (see also SI). Due to model
misspecification, the fits to the tails of the distributions are generally
poorer. Consequently, Fig. 6C suggests that the OT approach clearly
outperforms the gravity model in terms of RMSE, often by an order of
magnitude. Figure 6D illustrates that OT estimates typically fall within
one standard deviation of the data uncertainty, whereas gravity esti-
mates tend to range from one to two, at times even three to four
standard deviations. The gravity model also exhibits much higher
variance in accuracy compared to OT. We further investigate an
alternative specification by replacing time-varying country-level and
time-invariant pair regressors with exporter-time, importer-time, and
exporter-importer fixed effects in a three-way gravity model41, cap-
turing multilateral resistance terms more effectively (see Eq. (2) and
Fig. S9 in the SI for details). As this formulation incorporates higher
degrees of freedom in the three-way specification, its performance
naturally converges toward thatofOT,whichmore accuratelyfits high-

Fig. 5 | Change in UK and Ireland (ROI) imports, 2016–2022. For each exporting
country, the left two bars indicate the percent change in trade volume between
2016 and 2022 for the UK and the ROI, respectively, the right two bars show the
change in import costs. A Vegetable imports. Top row: lettuce (including chicory),

and other fresh vegetables; middle row: tomatoes; bottom row: cucumbers and
gherkins. *Note that the exporter for cucumbers is Greece, for Lettuce and
Tomatoes it is Portugal. B Wine imports.
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value trade flows. Incorporating time-varying bilateral trade regressors
would likely further narrow this gap, reinforcing the validity of the OT
approach. Notably, OT provides trade cost estimates even without
such regressors—many of which are difficult to quantify.

Discussion
This paper introduces a versatile approach for identifying the drivers
and barriers of global commodity trades. Using OT theory, we are able
to obtain a cost structure that is more expressive than a covariate-
based gravity approach. Our estimates are thus orders of magnitude
more accurate than traditional gravity models, matching the perfor-
mance of high-dimensional fixed-effects specifications while main-
taining consistent accuracy across datasets. The optimal transport
approach models trade networks as a dynamical, interconnected sys-
tem, allowing to capture complex rearrangements and network
response dynamics to e.g. trade wars, conflicts, or shifts in political
relations. Though the current work looks only at global agrifood
markets, the methodology proposed is general and applicable to
commodity flows, financial markets, or banking networks42. Beyond
economics, theOT approach also relates e.g. to globalmigration flows,
which can be estimated from migrant stock data43–45. Future work
could explore correlations between related commodities within this
framework, as well as develop hybrid models that combine observed
covariates with data-driven residuals via semi-structured OT costs.
Another promising direction is counterfactual analysis using the con-
ditional equilibrium framework of Yotov et al.11. Extending the model
to a full general equilibrium setting with endogenous production and
pricing is also a natural next step.

Methods
Entropy-regularised optimal transport
In OT, one wishes to find the optimal flow of mass from a source
distribution to a target distribution, while minimising an overall
transport cost. This abstract problem has a wide range of applications
in economics, logistics, image restoration, transport systems, or urban
structure21,46,47.

Consider an m-dimensional space X, an n-dimensional space Y,
and C a measure on X × Y. The entries of C correspond to the cost of
transporting mass from one location in X to a target in Y. Given two
probability measures μ ∈ P(X) and ν ∈ P(Y) (the supply and demand),
the OT problem consists in finding a transport plan T minimising the
overall cost Eq. (3). The transport planTmust also satisfy themarginal
constraints X

j

T ij =μ and
X
i

Tij = ν: ð9Þ

In practice one usually considers the entropy-regularised OT
formulation, which can be solved much more efficiently48; here, an
additional term is added to the objective:

min
T

X
ij

CijT ij + ε
X
ij

T ij logTij � 1
� �

, ð10Þ

where ε > 0 is a positive regularisation parameter. This regularisation
prevents monopolisation, i.e. demand being supplied from only a few
sources.

Fig. 6 | Comparison with gravity model. A, B Comparison plot of the OT and
gravity estimates (x-axis) versus the true data (y-axis) on two selected commodities.
Also shown is a linearfit (dotted line), its estimated slopem, the Pearson coefficient
of the fit r, and the line y = x (solid line). See Fig. S10 in the appendix for an overview
of all commodities. C, D Comparison of the RMSE accuracies of the estimated

transport volumes of the OT approach (blue) and the gravity model (orange).
Values are averaged over all countries and years, with the errorbars showing one
standard deviation from the mean (triangular marker). Also shown are the median
values (diamond markers). Shown are the RMSE (C) and the RMSE in units of the
standard deviation on the true data (D).
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The constrained optimisation problem Eq. (10) can be solved by
considering the Lagrangian

L=
X
ij

T ijCij + λ,
X
j

T ij � μ

* +
+ η,

X
i

T ij � ν

* +

+ ε
X
ij

T ij logTij � 1
� �

,
ð11Þ

with λ 2 Rm and η 2 Rn Lagrangian multipliers. Minimising L with
respect to T gives the solution

Tij = e
�λi=εe�Cij=εe�ηj=ε ð12Þ

or

T=πe�C=εΩ, ð13Þ

where π =diagðe�λ1=ε, � � � , e�λm=εÞ 2 Rm×m and Ω=diagðe�η1=ε, � � � ,
e�ηn=εÞ 2 Rn×n are diagonal matrices of Lagrangian multipliers.

Finding Π and Ω is achieved through an iterative scaling proce-
dure that is variously called Iterative Proportional Fitting (IPF), RAS, or
Sinkhorn’s algorithm48–50. Define M = e−C/ε; then, given an initial guess
Π0, we update Ω to satisfy the first marginal constraint eq. (9)

ΩM>π0 = ν: ð14Þ

Solving for Ω gives

Ω0 =
ν

M>π0
ð15Þ

where the division is understood element-wise. Similarly, we obtain
the next update for Π as

π1 =
μ

MΩ0 , ð16Þ

and so on. The algorithm can thus be summarised as follows:

Algorithm 1. Sinkhorn’s Algorithm
1: Inputs:
M (Exponential of cost matrix)
μ, ν (marginals)
2: Initialise the first Lagrangian multiplier Π0

3: for n iterations do
4: Ωi + 1  ν

Mπi

5: πi+ 1  μ
M>Ωi+ 1

6: end for

Under certain conditions, convergence of the algorithm to a
unique solution is guaranteed51,52.

The classic OT problem Eqs. (3) and (4) can be interpreted as the
central planner’s problem of finding the optimal assignment or
matching of supply and demand. The entropy-regularised OT pro-
blem can be viewed as a similar optimal assignment problem,
but subject to uncertainty and/or randomisation. The dual problem
to entropy-regularised OT, i.e. minimising (5) subject to (3), is given
by

maxf ,g hf ,μi+ hg, νi � ε
X
i, j

e
f j + gi�Cij

ε : ð17Þ

In the limit ε → 0 the last term ensures that the dual potentials f and g
satisfy

f � g ≤C ð18Þ

where f � g = f 1Tm + g1Tn . Condition (18) corresponds to the admissi-
bility conditionof thedual non-regularisedOTproblem. In this context
f and g can be interpreted as the minimal cost of picking up and
dropping off a good at locations respectively. The problem of finding
the optimal plan T is thus split into determining the optimal cost of
collecting and delivering goods. The constraint (18) ensures optim-
ality: if fi + gj > Cij, that is, the cost of picking up a good at location i and
dropping it off at location j is larger than the transportation cost, it
cannot be optimal.

Neural inverse optimal transport
In inverse OT one wishes to infer the underlying cost C from (partial)
observations of transport plans T, which are usually solutions to
entropy regularised OT problems. Rewriting Eq. (13), we have

C= ε logπ+ logΩ> � logT
� �

;

thus C is only determined up to an additive decomposition into row
and column vectors, with any transformation of the kind

Cij 7!Cij +αi + βj

leaving the transport planT invariant, since the transformation can be
absorbed by the scaling vectors. To constrain the problem, we can
bound the cost Cij∈ [0,Cmax], and demand that the inverse of 0 should
be Cmax, i.e.

u : T 7!C, uð0Þ=Cmax :

This is a natural restriction, since it implies that the cost on edges with
zero transport flow should be maximal. If this maximum is attained in
every row and every column of the cost matrix, the row- and column-
shifts αi and βj must satisfy

Cmax = max
j

Cij =
!
max

j
ðCij +αiÞ≤Cmax 8 i) αi =0:

(and similarly βj). Thus, under these conditions the cost matrix is
uniquely determined (see also Fig. S1 in the SI).

To infer the cost matrix function C(t) from a dataset of transport
plan observations T(t), we build on the neural parameter estimation
method first introduced in ref. 23 and subsequently expanded upon in
ref. 24. We wish to train a neural network u to solve the inverse OT
problem C(t) = u(T(t)). We do so by constructing a loss function based
on the OT equations, i.e.

J = k bTðbCÞ � Tk22 +
X
ði, jÞ2S

ðCij � CmaxÞ2: ð19Þ

Here, bTðbCÞ is the estimated transport plan obtained by solving Sink-
horn’s algorithm alg.1 until convergence (determined by a numerical
tolerance criterion), and

S : = fði, jÞ jTij =0g

are the zero-flow edges of T. The second term thus enforces the
maximum value Cmax to be attained on S. Crucially, the solution of
entropy-regularised OT is differentiable with respect to its inputs, and
the derivative of bTðbCÞ with respect to bC can be computed numerically.
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Thus, the loss J can be minimised using gradient descent methods.
While the dependence of the stopping time on C introduces potential
non-differentiabilities at iteration-changeboundaries, in practice these
events are rare and did not cause instability in our experiments; the
issue can also be avoided entirely by instead fixing the number of
iterations at a sufficiently large value. The data is processed in batches,
and a gradient descent step performed on the neural network
parameters after each batch. The loss is only calculated for links with
trade flow >0. Note that our goal is not to predict future trade-flows,
but rather to infer an underlying cost which drives the flows subject to
the OT model. We therefore do not require large volumes of data, as
would be typical in a prediction task.

Asmentioned, the FAO dataset contains two values for each entry
Tij: one reported by the exporter, and one by the importer. Let TE be
the transport plan where all entries are those reported by the expor-
ters, and TI those where all are reported by the importers. The training
data—i.e., the datawe use to train the function u—consists of only these
two transportplans for each year: {TE(t),TI(t)}, giving a total training set
size of 2 × L, where L = 23 are the number of observation points. A
hyperparameter sweep showed that using a deep neural network with
5 layers, 60 nodes per layer, and hyperbolic tangent activation func-
tions on all layers but the last, where we use a sigmoid, gives best
results. Using a sigmoid activation function on the last layer ensures
0 ≤Cij≤1 = Cmax. We use the Adam optimiser53 to train the neural net-
work. We pool all FAO trade matrices to only contain those countries
that account for 99% of import and export volumes, subsuming all
other countries in an ‘Other’ category (thereby ensuring that no flow is
lost). Entries for which neither the importer nor the exporter have
reported a value are assumed to be zero, and we constrain the cost
matrix to be maximal on these entries. Entries for which only the
exporter or the importer have reported a value (but not the other) are
presumed missing in the respective table, and are masked in the loss
function. With this approach, on average about 20% of entries are
masked in the transport plan (see Fig. S2 in the SI). Entries for which all
reported values are missing populate the zero-flow edge set S.

Uncertainty quantification
Uncertainty on the estimates stems from two sources: one, the degree
towhich theminimiser of the inverseproblem (19) is ill-defined (i.e. the
number of possible cost matrices that all fit the problem equally well),
and two, theuncertainty on the transport plans themselves. To address
the first, we use an ensemble training approach23,24 and train a family
{uk} of 10 neural networks for each commodity in parallel. Even though
the inverse problem is theoretically well-posed when the forward
problem (10) admits a solution, in the case of the FAO data we are
solving aminimisation problem. To incorporate the uncertainty on the
transport plans, we pass random samples of T through each of the
trained neural networks uk. These samples are obtained by selecting
either TE

ij or T
I
ij uniformly at random for each entry of the transport

plan, and passing this sample through each neural network. Repeating
this n times gives n samples of C, and inserting each estimate of C into
Sinkhorn’s algorithmgives n estimated transport plans bT . We generate
a total of n = 100 samples for each year and neural network (see also
Fig. S4 in the SI). The uncertainty estimates obtained by our method
then provide an indication of how strongly a given set of trade flows
informs the underlying cost.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability
The data generated in this work, aswell as the trained neural networks,
are available in Huggingface repository 10.57967/hf/7190 under
accession code https://huggingface.co/datasets/ThGaskin/OT_Trade.

Code availability
The code used to train the neural networks and produce the analysis
results is available at https://github.com/ThGaskin/inverse-optimal-
transport54. Instructions for running the model are given in the
README.

References
1. Friel, S., Schram, A. & Townsend, B. The nexus between interna-

tional trade, food systems, malnutrition and climate change. Nat.
Food 1, 51–58 (2020).

2. Wood, A. et al. Reframing the local-global food systems debate
through a resilience lens. Nat. Food 4, 22–29 (2023).

3. Grain Industry Association of Western Australia. China barley anti-
dumping and counterveilling tariffs www.giwa.org.au/china-
barley-antidumping-and-counterveilling-tariffs/ (2020). (Accessed
27 May 2024).

4. Federal Reserve Bank of St. Louis. Global price of barley https://
fred.stlouisfed.org/series/PBARLUSDM (2024). (Accessed 27
May 2024).

5. Eaton, J. & Kortum, S. Technology, geography, and trade. Econo-
metrica 70, 1741–1779 (2002).

6. Anderson, J. E. & vanWincoop, E. Gravity with gravitas: a solution to
the border puzzle. Am. Econ. Rev. 93, 170–192 (2003).

7. Arkolakis, C., Costinot, A. & Rodríguez-Clare, A. New trade models,
same old gains? Am. Econ. Rev. 102, 94–130 (2012).

8. Allen, T., Arkolakis, C. & Takahashi, Y. Universal Gravity. NBER
Working Papers 20787, National Bureau of Economic Research, Inc
ideas.repec.org/p/nbr/nberwo/20787.html (2014).

9. Yotov, Y. V. Gravity at Sixty: The Workhorse Model of Trade. CESifo
Working Paper 9584, CESifo https://doi.org/10.2139/ssrn.
4037001 (2022).

10. Dekle, R., Eaton, J. & Kortum, S. Global Rebalancing with Gravity:
Measuring the Burden of Adjustment. NBERWorking Papers 13846,
National Bureau of Economic Research, Inc EconPapers.repec.org/
RePEc:nbr:nberwo:13846 (2008).

11. Yotov, Y. V., Piermartini, R., Monteiro, J.-A. & Larch, M.An Advanced
Guide to Trade Policy Analysis www.un-ilibrary.org/content/books/
9789210585194 (United Nations, 2017).

12. Olper, A. & Raimondi, V. Patterns and determinants of international
trade costs in the food industry. J. Agric. Econ. 60, 273–297
(2009).

13. Sarker, R. & Jayasinghe, S. Regional trade agreements and trade in
agri-food products: evidence for the European Union from gravity
modeling using disaggregated data. Agric. Econ. 37,
93–104 (2007).

14. Mujahid, I. & Kalkuhl, M. Do trade agreements increase food trade?
World Econ. 39, 1812–1833 (2016).

15. Raimondi, V. & Olper, A. Trade elasticity, gravity and trade liberal-
isation: evidence from the food industry. J. Agric. Econ. 62,
525–550 (2011).

16. Philippidis, G., Resano-Ezcaray, H. & Sanjuán-López, A. I. Capturing
zero-trade values in gravity equations of trade: an analysis of pro-
tectionism in agro-food sectors. Agric. Econ. 44, 141–159 (2013).

17. Breinlich, H., Novy, D. & Santos Silva, J. M. C. Trade, gravity, and
aggregation. Rev. Econ. Stat. 106, 1418–1426 (2024).

18. Capoani, L. Reviewof the gravitymodel: origins and critical analysis
of its theoretical development. SN Bus. Econ. 3, 1–43 (2023).

19. Villani, C. Topics inOptimal Transportation. AmericanMathematical
Society: Providence, R.I, 2003.

20. Wilson, A. A statistical theory of spatial distributionmodels. Transp.
Res. 1, 253–269 (1967).

21. Galichon, A.Optimal Transport Methods in Economics (Princeton
University Press, 2016).

22. Silva, J. S. & Tenreyro, S. The log of gravity. Rev. Econ. Stat. 88,
641–658 (2006).

Article https://doi.org/10.1038/s41467-026-69694-5

Nature Communications |         (2026) 17:2947 10

https://huggingface.co/datasets/ThGaskin/OT_Trade
https://github.com/ThGaskin/inverse-optimal-transport
https://github.com/ThGaskin/inverse-optimal-transport
http://www.giwa.org.au/china-barley-antidumping-and-counterveilling-tariffs/
http://www.giwa.org.au/china-barley-antidumping-and-counterveilling-tariffs/
https://fred.stlouisfed.org/series/PBARLUSDM
https://fred.stlouisfed.org/series/PBARLUSDM
http://ideas.repec.org/p/nbr/nberwo/20787.html
https://doi.org/10.2139/ssrn.4037001
https://doi.org/10.2139/ssrn.4037001
http://EconPapers.repec.org/RePEc:nbr:nberwo:13846
http://EconPapers.repec.org/RePEc:nbr:nberwo:13846
http://www.un-ilibrary.org/content/books/9789210585194
http://www.un-ilibrary.org/content/books/9789210585194
www.nature.com/naturecommunications


23. Gaskin, T., Pavliotis, G. A. & Girolami, M. Neural parameter calibra-
tion for large-scale multi-agent models. Proc. Natl. Acad. Sci. USA.
120, e2216415120 (2023).

24. Gaskin, T., Pavliotis, G. A. & Girolami, M. Inferring networks from
time series: A neural approach. PNAS Nexus 3, 63 (2024).

25. Food and Agriculture Organization of the United Nations. FAOSTAT
statistical database www.fao.org/faostat/en/#home (2024).

26. Food and Agriculture Organization of the United Nations. Detailed
trade matrix https://files-faostat.fao.org/production/TM/TM_e.
pdf (2024).

27. Laber, M., Klimek, P., Bruckner, M., Yang, L. & Thurner, S. Shock
propagation from the Russia–Ukraine conflict on international
multilayer food production network determines global food avail-
ability. Nat. Food 4, 508–517 (2023).

28. Australian Government, Department of Foreign Affairs and Trade.
China-Australia Free Trade Agreement www.dfat.gov.au/trade/
agreements/in-force/chafta/australia-china-fta (2017). (Accessed 3
August 2024).

29. ASEAN-China Free Trade Area Business Portal. ASEAN-China Free
Trade Area. www.asean-cn.org/index.php?m=content&c=index&a=
show&catid=267&id=84 (2016). (Accessed 3 August 2024).

30. Australian Government, Department of Foreign Affairs and Trade.
Comprehensive and Progressive Agreement for Trans-Pacific Part-
nership (CPTPP) www.dfat.gov.au/trade/agreements/in-force/
cptpp/comprehensive-and-progressive-agreement-for-trans-
pacific-partnership (2018). (Accessed 3 August 2024).

31. Biesheuvel, T. Bloomberg: As China Fires Back in Trade War, Here
Are the Winners And Losers www.bloomberg.com/news/articles/
2018-04-04/as-china-fires-back-in-trade-war-here-are-the-winners-
and-losers (2018). (Accessed 7 September 2024).

32. Sullivan, K. ABC News: China’s list of sanctions and tariffs on Aus-
tralian trade is growing. Here’s what has been hit so far www.abc.
net.au/news/2020-12-17/australian-trade-tension-sanctions-china-
growing-commodities/12984218 (2020). (Accessed 7 Septem-
ber 2024).

33. EuropeanCommission. EU-SADCEconomicPartnershipAgreement
(EPA) trade.ec.europa.eu/access-to-markets/en/content/epa-sadc-
southern-african-development-community#toc_1 (2016). (Accessed
27 May 2024).

34. Winemakers Federation of Australia. Submission on Australia-
European Union Free Trade Agreement www.dfat.gov.au/sites/
default/files/winemakers-federation-australia.pdf (2016). (Acces-
sed 27 May 2024).

35. Department of Agriculture, Fisheries and Forestry of Australia.
Analysis: Opportunities for Australian wine exports to the UK www.
agriculture.gov.au/about/news/analysis-opportunities-for-
australian-wine-exports-to-the-uk (2023). (Accessed 27 May 2024).

36. VINPRO. SAwine exporters still benefit post-Brexit vinpro.co.za/sa-
wine-exporters-still-benefit-post-brexit/ (2020). (Accessed 27
May 2024).

37. Conte, M., Cotterlaz, P. & Mayer, T. The CEPII Gravity Database.
WorkingPapers 2022-05,CEPII research center https://ideas.repec.
org/p/cii/cepidt/2022-05.html (2022).

38. United Nations Conference on Trade and Development. UNCTAD
TRAINS database https://trainsonline.unctad.org/home (2020).
(Accessed 3 Sep 2024).

39. World Trade Organisation. WTO Stats https://stats.wto.org (2024).
(Accessed 5 Sep 2024).

40. Correia, S., Guimarães, P. & Zylkin, T. Fast Poisson estimation with
high-dimensional fixed effects. Stata J. 20, 95–115 (2020).

41. Breinlich, H.et al. Machine learning in international trade research:
evaluating the impact of trade agreements. Policy Research Work-
ing Paper 1776, Centre for Economic Performance (2022).

42. Giesecke, K., Schwenkler, G. & Sirignano, J. A. Inference for large
financial systems. Math. Financ. 30, 3–46 (2020).

43. Willekens, F. Modeling approaches to the indirect estimation of
migration flows: From entropy to EM. Math. Popul. Stud. 7,
239–278 (1999).

44. Azose, J. J. & Raftery, A. E. Estimation of emigration, return migra-
tion, and transit migration between all pairs of countries. Proc. Natl.
Acad. Sci. USA. 116, 116–122 (2018).

45. Gaskin, T. & Abel, G. J. Deep learning four decades of human
migration. Preprint at arxiv.org/abs/2506.22821 (2025).

46. Santambrogio, F. Optimal transport for applied mathematicians.
BirkhäUser NY 55, 94 (2015).

47. Peyré, G. et al. Computational optimal transport: with applications
to data science. Found. Trends Mach. Learn. 11, 355–607
(2019).

48. Cuturi, M. Sinkhorn distances: lightspeed computation of optimal
transport. In Proc. Advances in Neural Information Processing Sys-
tems 26, (NIPS, 2013).

49. Deming, W. E. & Stephan, F. F. On a least squares adjustment of a
sampled frequency table when the expected marginal totals are
known. Ann. Math. Stat. 11, 427–444 (1940).

50. Idel, M. A review of matrix scaling and Sinkhorn’s normal form for
matrices and positive maps. Preprint at arxiv.org/abs/1609.
06349 (2016).

51. Sinkhorn, R. A relationship between arbitrary positive matrices and
doubly stochastic matrices. Ann. Math. Stat. 35, 876–879 (1964).

52. Rueschendorf, L. Convergence of the iterative proportional fitting
procedure. Ann. Stat. 23, 1160–1174 (1995).

53. Kingma, D. P. & Ba, J. Adam: a method for stochastic optimization.
arXiv arxiv.org/abs/1412.6980 (2014).

54. Gaskin, T. ThGaskin/inverse-optimal-transport: publication release
https://doi.org/10.5281/zenodo.18008891 (2025).

Acknowledgements
T.G., A.D., and M.T.W. acknowledge partial support by the EPSRC grant
EP/X010503/1. A.D. also acknowledges support of a Royal Society APEX
award (APX/R1/180133), under which this work was initiated. G.D.
acknowledges support by the Ministry of Education of the Republic of
Korea and the National Research Foundation of Korea (NRF-
2024S1A3A2A07046144).

Author contributions
T.G., G.D., M.T.W., and A.D. designed the research and wrote the paper.
T.G. and G.D. performed the numerical experiments.

Competing interests
The authors declare no competing interests.

Additional information
Supplementary information The online version contains
supplementary material available at
https://doi.org/10.1038/s41467-026-69694-5.

Correspondence and requests for materials should be addressed to
Thomas Gaskin.

Peer review informationNatureCommunications thanksQianxiao Li and
the other anonymous reviewer(s) for their contribution to the peer
review of this work. A peer review file is available.

Reprints and permissions information is available at
http://www.nature.com/reprints

Publisher’s note Springer Nature remains neutral with regard to jur-
isdictional claims in published maps and institutional affiliations.

Article https://doi.org/10.1038/s41467-026-69694-5

Nature Communications |         (2026) 17:2947 11

http://www.fao.org/faostat/en/#home
https://files-faostat.fao.org/production/TM/TM_e.pdf
https://files-faostat.fao.org/production/TM/TM_e.pdf
http://www.dfat.gov.au/trade/agreements/in-force/chafta/australia-china-fta
http://www.dfat.gov.au/trade/agreements/in-force/chafta/australia-china-fta
http://www.asean-cn.org/index.php?m=content&c=index&a=show&catid=267&id=84
http://www.asean-cn.org/index.php?m=content&c=index&a=show&catid=267&id=84
http://www.dfat.gov.au/trade/agreements/in-force/cptpp/comprehensive-and-progressive-agreement-for-trans-pacific-partnership
http://www.dfat.gov.au/trade/agreements/in-force/cptpp/comprehensive-and-progressive-agreement-for-trans-pacific-partnership
http://www.dfat.gov.au/trade/agreements/in-force/cptpp/comprehensive-and-progressive-agreement-for-trans-pacific-partnership
http://www.bloomberg.com/news/articles/2018-04-04/as-china-fires-back-in-trade-war-here-are-the-winners-and-losers
http://www.bloomberg.com/news/articles/2018-04-04/as-china-fires-back-in-trade-war-here-are-the-winners-and-losers
http://www.bloomberg.com/news/articles/2018-04-04/as-china-fires-back-in-trade-war-here-are-the-winners-and-losers
http://www.abc.net.au/news/2020-12-17/australian-trade-tension-sanctions-china-growing-commodities/12984218
http://www.abc.net.au/news/2020-12-17/australian-trade-tension-sanctions-china-growing-commodities/12984218
http://www.abc.net.au/news/2020-12-17/australian-trade-tension-sanctions-china-growing-commodities/12984218
http://trade.ec.europa.eu/access-to-markets/en/content/epa-sadc-southern-african-development-community#toc_1
http://trade.ec.europa.eu/access-to-markets/en/content/epa-sadc-southern-african-development-community#toc_1
http://www.dfat.gov.au/sites/default/files/winemakers-federation-australia.pdf
http://www.dfat.gov.au/sites/default/files/winemakers-federation-australia.pdf
http://www.agriculture.gov.au/about/news/analysis-opportunities-for-australian-wine-exports-to-the-uk
http://www.agriculture.gov.au/about/news/analysis-opportunities-for-australian-wine-exports-to-the-uk
http://www.agriculture.gov.au/about/news/analysis-opportunities-for-australian-wine-exports-to-the-uk
http://vinpro.co.za/sa-wine-exporters-still-benefit-post-brexit/
http://vinpro.co.za/sa-wine-exporters-still-benefit-post-brexit/
https://ideas.repec.org/p/cii/cepidt/2022-05.html
https://ideas.repec.org/p/cii/cepidt/2022-05.html
https://trainsonline.unctad.org/home
https://stats.wto.org
http://arxiv.org/abs/2506.22821
http://arxiv.org/abs/1609.06349
http://arxiv.org/abs/1609.06349
http://arxiv.org/abs/1412.6980
https://doi.org/10.5281/zenodo.18008891
https://doi.org/10.1038/s41467-026-69694-5
http://www.nature.com/reprints
www.nature.com/naturecommunications


Open Access This article is licensed under a Creative Commons
Attribution 4.0 International License, which permits use, sharing,
adaptation, distribution and reproduction in any medium or format, as
long as you give appropriate credit to the original author(s) and the
source, provide a link to the Creative Commons licence, and indicate if
changes were made. The images or other third party material in this
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