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Motivation

Propagation
§ Simple and effective technique to complete missing information

in case of few labeled data

§ Iterative neighborhood aggregation technique with
Smoothness prior
“Neighboring nodes should have similar representations.”

Methodology

§ Rise in complex network-structured data storing
different level of interactions between data entities
e.g., social networks, biological networks,
transportation networks, etc..

§ Better encoded by multi-relational graphs
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§ MRP outperforms standard propagation (LP) by
• Regarding asymmetric relations with relational transformation in aggregation
• Assigning different level of importance to different types of relations

Table 4: Statistics for each relation-
ship, columns respectively: number
of edges, mean and variance of ‘date
of birth’ di↵erence over the associ-
ated relation type.
Relation type edges mean variance

award nomination 454 0 320.23
friendship 221 0 155.82
influenced by 528 -36.25 1019.77
sibling 83 0 45.16
parent 98 -32.90 62.90
spouse 262 0 87.60
dated 231 0 90.95
awards won 183 0 257.45

Table 5: Date of Birth Prediction Perfor-
mances

Relation type RMSE MAPE nRMSE

award nomination 32.43 0.011 0.115
friendship 31.92 0.011 0.113

influenced by 30.29 0.012 0.108
sibling 32.69 0.012 0.116

LP parent 33.62 0.013 0.119
spouse 31.45 0.011 0.112
dated 31.70 0.011 0.113

awards won 33.04 0.012 0.117
union 24.22 0.008 0.086

MrP 15.62 0.005 0.055

that it regards asymmetric relationships, here encountered as influenced by
and parent. In addition, it assigns di↵erent level of importance to the predic-
tions collected through di↵erent types of relationships based on the uncertainty
estimated over the observed data.

Fig. 4: Distribution of ‘date of birth’ di↵erence (year) over di↵erent relationships.
An RBF is fitted to each.

5 Conclusion
In this study, we proposed MrP, a propagation algorithm working on multi-
relational and directed graphs for regression of continuous node features and
we show its superior performance on multi-relational data compared to stan-
dard propagation algorithm. It is possible to generalize the proposed approach
for node embedding learning and then for the node classification tasks. The
augmentation of the computational graph of the propagation algorithm using
multiple types of directed relationships provided by the domain knowledge per-
mits anisotropic operations on graph, which is claimed to be promising for future
directions in graph representation learning [11].
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Fig. 3: Distribution of change in temperature measurements between weather
stations that are related via altitude proximity in ascend and descend direction.

Table 2: Temperature and Snowfall
Prediction Performances

RMSE MAPE nRMSE

Temperature
LP 1.120 0.155 0.050
MrP 1.040 0.147 0.045

Snowfall
LP 194.49 0.405 0.112
MrP 180.10 0.357 0.105

Table 3: Precipitation Prediction
Performances

RMSE MAPE nRMSE

LP-altitude 381.86 0.261 0.174
LP-gps 374.38 0.242 0.168
MrP 347.98 0.238 0.157

types given by the datasets we work on. Then, we estimate the parameter ⌧ and
! for each relation type based on the observed set of node values as described
in Section 3.1.

4.1 Multi-relational Estimation of Weather Measurements

We test our method on a meteorological dataset provided by MeteoSwiss, which
compiles various types of weather measurements on 86 weather stations between
years 1981-20107. In particular, we use yearly averages of weather measurements
in our experiments.
Construction of multi-relational directed graph. To begin with, we pre-
pare a multi-relational graph representation G(V, E ,P) of the weather stations,
i.e., |V| = 86, where we relate them based on two types of relationships, i.e.,
|P| = 2. First, we connect them based on geographical proximity by inserting
an edge between a pair of weather stations if the Euclidean distance between
their GPS coordinates is below a threshold. The geographical proximity leads
to a symmetric relationship where we acquire 372 edges. Second, we relate them
based on the altitude proximity in a similar logic yet we anticipate an asym-
metric relationship where the direction of an edge indicates an altitude ascend
from one station to another. For both relation types, we adjust the threshold for
building connections so that there is not any disconnected node. Consequently,
we acquire 1144 edges for the altitude relationship. In the experiments, we ran-
domly sample labeled set of nodes, U , from the entire node set, V, with a ratio of
80%. Then, we repeat the experiment in this setting for 50 times in Monte Carlo
fashion. The evaluation metrics are then averaged over the series of simulations.

Predicting Temperature and Snowfall on Directed Altitude Graph.

We first conduct experiments on a simple scenario where we target predicting
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Prediction of People’s Date of Birth
§ A subset of relational database FreeBase
§ People                connected via
§ Different relationships
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|P| = 8

Prediction of Weather Measurements
§ Weather stations connected via relationships:
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|P| = 2

• Geographical proximity (symmetric relationship)
• Altitude proximity (edge directed to altitude ascend)

Fig. 3: Distribution of change in temperature measurements between weather
stations that are related via altitude proximity in ascend and descend direction.

Table 2: Temperature and Snowfall
Prediction Performances

RMSE MAPE nRMSE

Temperature
LP 1.120 0.155 0.050
MrP 1.040 0.147 0.045

Snowfall
LP 194.49 0.405 0.112
MrP 180.10 0.357 0.105

Table 3: Precipitation Prediction
Performances

RMSE MAPE nRMSE

LP-altitude 381.86 0.261 0.174
LP-gps 374.38 0.242 0.168
MrP 347.98 0.238 0.157

types given by the datasets we work on. Then, we estimate the parameter ⌧ and
! for each relation type based on the observed set of node values as described
in Section 3.1.

4.1 Multi-relational Estimation of Weather Measurements

We test our method on a meteorological dataset provided by MeteoSwiss, which
compiles various types of weather measurements on 86 weather stations between
years 1981-20107. In particular, we use yearly averages of weather measurements
in our experiments.
Construction of multi-relational directed graph. To begin with, we pre-
pare a multi-relational graph representation G(V, E ,P) of the weather stations,
i.e., |V| = 86, where we relate them based on two types of relationships, i.e.,
|P| = 2. First, we connect them based on geographical proximity by inserting
an edge between a pair of weather stations if the Euclidean distance between
their GPS coordinates is below a threshold. The geographical proximity leads
to a symmetric relationship where we acquire 372 edges. Second, we relate them
based on the altitude proximity in a similar logic yet we anticipate an asym-
metric relationship where the direction of an edge indicates an altitude ascend
from one station to another. For both relation types, we adjust the threshold for
building connections so that there is not any disconnected node. Consequently,
we acquire 1144 edges for the altitude relationship. In the experiments, we ran-
domly sample labeled set of nodes, U , from the entire node set, V, with a ratio of
80%. Then, we repeat the experiment in this setting for 50 times in Monte Carlo
fashion. The evaluation metrics are then averaged over the series of simulations.

Predicting Temperature and Snowfall on Directed Altitude Graph.

We first conduct experiments on a simple scenario where we target predicting
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Precipitation

Multi-Relational Propagation Algorithm (MRP)
Aggregation
Relational transformation applied to 
neighbors

Normalization
Weighted average of aggregated values

Update
Linearly combine with the previous 
state with a damping factor

Clamp
Keep labeled nodes as they are

<latexit sha1_base64="9V+nfoMt08bSltr4aLlACbamxo0=">AAAB9HicjVDLSgNBEOz1GeMr6tHLYBA8SNgVRY9BLx4jmAdsljA76U2GzM6uM7PBsOQ7vHhQxKsf482/cfI4qChY0FBUddNFhang2rjuh7OwuLS8slpYK65vbG5tl3Z2GzrJFMM6S0SiWiHVKLjEuuFGYCtVSONQYDMcXE385hCV5om8NaMUg5j2JI84o8ZKQfuekzaXxHePvaBTKnsVdwryNynDHLVO6b3dTVgWozRMUK19z01NkFNlOBM4LrYzjSllA9pD31JJY9RBPg09JodW6ZIoUXakIVP160VOY61HcWg3Y2r6+qc3EX/z/MxEF0HOZZoZlGz2KMoEMQmZNEC6XCEzYmQJZYrbrIT1qaLM2J6K/yuhcVLxziruzWm5ejmvowD7cABH4ME5VOEaalAHBnfwAE/w7AydR+fFeZ2tLjjzmz34BuftEws6kPg=</latexit>

⇠ 2 [0, 1]

keeps track of labeled
and propagated nodes

throughout the 
iterations

Iterates until the stopping criterion is met.

Indicator vector

1
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xi = xj + ✏
8(i, j) 2 E
✏ ⇠ N (0, 1/!ij)

Simple Local Generative Model
Notion of similarity between neighbors
• Uniform
• Symmetric
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(i,j)2E !ijxjP
(i,j)2E !ij

Simple Weighted Average

Simple
Weighted 

Graph

<latexit sha1_base64="GwvGSQHUAp3Ly+c6ogoox9M0C0c="></latexit>

argmin
xi

X

p2P[P�1

X

r(i,j)=p

!p(xi � ⌘pxj � ⌧p)
2

Notion of similarity conforms
• Different types of relationships
• Asymmetric

relationships

Relational Local Generative Model
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xi = ⌘pxj + ⌧p + ✏
8r(i, j) = p
✏ ⇠ N (0, 1/!p)
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fp(x) = ⌘px+ ⌧p
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!pfp(xj)

P
p2P[P�1

P
r(i,j)=p

!p

Relational Transformation

Multi-
relational 
Directed 
Graph

iterative 
applicationSmoothness 

prior Local generative model First order Bayesian estimate 
of node’s value

Neighborhood 
aggregation

Propagation 
algorithm

2 3 4
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argmin
xi

X

(i,j)2E

!ij(xi � xj)
2

Minimize Euclidean Distance
between neighborsObjective

§ Given multi-relational structure of data

§ A relation type

§ Partially observed continuous features belonging to 
data entities
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G(V, E ,P)
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{xi 2 R 8i 2 U ⇢ V}

if

• Semi-supervised learning on graphs, e.g., Label Propagation [Zhu & Ghahramani, 2002]

Completes categorical features across simple and weighted graphs
• Graph representation learning methods

Propagate node representations across the graph
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{⌧p = 0, ⌘p = 1, !p = 1 8p 2 P}

Parameters of MRP
• Parameters of a certain relation type

estimated over initially labeled node pairs

similar to parameter estimation of a linear regression model.
• Weight parameter         is equal to the uncertainty of the linear 

regression model of relation type
• MRP drops down to standard propagation by

default parameter set
• Implemented with PyTorch-scatter package, linearly scales with 
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{(xi, xj)|i, j 2 U , r(i, j) = p}
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<latexit sha1_base64="rmumXw0JkVPEdNxh0PTk3Eg5gbw=">AAAB9HicbVDLSgMxFL3js9ZX1aWbYBFclRlRdFkUwWUF+4B2KJk004ZmkjHJFMq03+HGhSJu/Rh3/o2ZdhbaeiBwOOde7skJYs60cd1vZ2V1bX1js7BV3N7Z3dsvHRw2tEwUoXUiuVStAGvKmaB1wwynrVhRHAWcNoPhbeY3R1RpJsWjGcfUj3BfsJARbKzkTzoRNgOCeXo3nXRLZbfizoCWiZeTMuSodUtfnZ4kSUSFIRxr3fbc2PgpVoYRTqfFTqJpjMkQ92nbUoEjqv10FnqKTq3SQ6FU9gmDZurvjRRHWo+jwE5mGfWil4n/ee3EhNd+ykScGCrI/FCYcGQkyhpAPaYoMXxsCSaK2ayIDLDCxNieirYEb/HLy6RxXvEuK+7DRbl6k9dRgGM4gTPw4AqqcA81qAOBJ3iGV3hzRs6L8+58zEdXnHznCP7A+fwBQ+eSaw==</latexit>

|E|How can we achieve node-value imputation on a multi-relational, 
directed graph?


