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1 Differentiation Analysis of the
GIG Layer

In this section, we provide the back-propagation
analysis of the proposed GIG layer. Supposing
that the loss value £ is computed by the objec-
tive function § and G(S¢(Vs, Es), Py, Ep, Eg) is
the output of the GIG layer, the gradient of the
proposed GIG layer w.r.t. the input GIG sample
G(S¢(Vs, Es), P, Py, Ep, E¢) can be defined as:
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There are two types of directed proxy edges, either
starting from graph vertices to local proxy vertex or
starting from global proxy vertex to graph vertices.
Here, we use E5 and E§ to denote these two kinds of
proxy edges, respectively. Besides, P; represents local
proxy vertex and P, represents global proxy vertex,
respectively. Consequently, the ;Tﬁs, E?Tﬁs? g—é, aaé ,
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and 55 can be computed as:
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Table 1: Overview of the graph learning datasets involved in this work with their respective prediction levels,
prediction tasks, and metrics.

Dataset ‘ # Graphs Avg. # nodes Avg. # edges Prediction level Prediction task Metric
ZINC-12K 12000 23.2 49.8 graph regression Mean Abs. Error
ZINC-full 250000 23.2 49.8 graph regression Mean Abs. Error
AQSOL 10000 17.6 35.8 graph regression Mean Abs. Error
MNIST 70000 70.6 564.5 graph 10-class classif. Accuracy
CIFARI10 60000 117.6 941.1 graph 10-class classif. Accuracy
ENZYMES 600 32.63 62.14 graph 6-class classif. Accuracy
PROTEINS 1113 39.06 3.70 graph 2-class classif. Accuracy
D&D 1,178 284.32 5.0 graph 2-class classif. Accuracy
OGBG-PPA 158,100 243.4 2,266.1 graph 37-class classif. Accuracy
PATTERN 14000 117.5 4749.2 inductive node binary classif. Accuracy
CLUSTER 12000 117.2 4301.7 graph 6-class classif. Accuracy
TSP 12000 275.8 6,894.0 edge 6-class classif. F1 Score

Table 2: Statistics of the two employed human skeleton video-based action recognition datasets.

Dataset \# clips Avg. # Frames Avg. # Joints (Nodes) Prediction level Prediction task  Metric
NTU X-Sub | 40000 300 37.5 graph 10-class classif. Accuracy
NTU X-View | 38000 300 37.5 graph 10-class classif. Accuracy
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Table 3: Runtime analysis of our best GIG-GatedGCN model on seven graph datasets.

Model Type MNIST CIFAR10| ZINC AQSOL|PATTERN CLUSTER/| TSP
Fach iteration| 0.35s 0.34s 0.21s 0.26s 0.60s 0.47s 0.31s

Each epoch | 2.50m  1.97m | 0.28m  0.26m 0.67m 1.23m 1.91m

GIG-GatedGON | o\ Corpence | 3.58h  3.78h | 6.60h  0.20h | 0.48h 1.47h | 1.08h
Inference |0.0026s 0.0025s |0.0016s 0.0025s | 0.0025s 0.0042s |0.0090s

Each iteration| 0.23s 0.20s 0.14s 0.11s 0.11s 0.23s 0.55s

Each epoch | 1.66m  1.19m | 0.18m 0.11m 0.56m 1.12m 1.44m

GatedGON Convergence | 3.55h 4.15h 0.62h  0.41h 3.96h 6.81h 2.85h
Inference 0.0028s 0.0026s |0.0017s 0.0032s | 0.0024s 0.0045s |0.0090s

Table 4: Training settings of our best models for 12 generic graph analysis datasets and 2 human-skeleton

based action recognition datasets.

Dataset|#Layer|Learning rate Loss Decay strategy |Optimizer
MNIST| 3 0.0018 Cross Entropy| CosineAnnealing | AdamW
CIFAR10| 3 0.0018 Cross Entropy| CosineAnnealing | AdamW
PROTEINS 3 0.0012 Cross Entropy| CosineAnnealing | AdamW
D&D 3 0.0012 Cross Entropy| CosineAnnealing | AdamW
ENZYMES 3 0.0012 Cross Entropy| CosineAnnealing | AdamW

OGBG-PPA 1 0.01 Cross Entropy - Adam

ZINC 3 0.0025 L1 CosineAnnealing | AdamW
ZINC-full] 3 0.0025 L1 CosineAnnealing | AdamW
AQSOL 1 0.0025 L1 CosineAnnealing | AdamW
CLUSTER| 1 0.0027 Cross Entropy|ReduceLROnPlateau| AdamW
PATTERN| 2 0.0030 Cross Entropy|ReduceLROnPlateau| AdamW
TSP 3 0.002 Cross Entropy|ReduceLROnPlateau| AdamW
NTU X-Sub 1 0.1 Cross Entropy MultiStep AdamW
NTU X-View 1 0.1 Cross Entropy MultiStep AdamW

2 Model complexity analysis for
example GIG-GatedGCN and

GIG-GAT networks and
runtime Analysis

A GIG network consists of a GSG layer, a set of GIG
hidden layers and a GIG output layer. As discussed
in the main document, the overall time complexity of
the GSG layer is O(|G| x maz(Vs) x n + |G|? x n),
where |G| represents the number of GIG vertices,
maz(Vs) indicates the maximal number of graph ver-
tices in all GIG vertices, and n denotes the constant
time operation. After that, each GIG hidden layer
is made up of a GVU and a GGU module, whose spe-
cific time complexity is determined by the employed
edge/vertex updating algorithms.

¢ For GIG-GatedGCN, the total time complexity
of the GVU and GGU are both O(Ex D4V x D),
where FE indicates the number of edges in the
graph, D, indicates the dimensionality of the fea-
tures being processed for edges, V indicates the
number of vertices in the graph and D, indicates
the dimensionality of the features being processed
for vertices. Consequently, the time complexity of
each GIG-GatedGCN hidden layer can be defined
as O(2 x (E x D, +V x D,)).

e For GIG-GAT, the total time complexity of the
GVU and GGU can be defined as O(H x (E x
D.+V x D,)), where H indicates the number of
attention heads, E indicates the number of edges
in the graph, D, indicates the dimensionality of
the features being processed for edges, V indi-
cates the number of vertices in the graph and D,
indicates the dimensionality of the features being
processed for vertices. Then, the time complexity
of each GIG-GAT hidden layer can be defined as
O2x Hx(ExD,+V xD,)).

The GIG output layer additionally updates graph
vertices that are not connected with global proxy
vertices as well as graph edges compared to GIG
hidden layer. As a result, the total time complex-
ity of each GIG output layer can be defined as
O(E x D, +V x D,) for GIG-GatedGCN and O(H x
(E x D, +V x D,)) for GIG-GAT. As a result, the
entire model complexity for a GIG-GatedGCN net-
work that contains k& hidden layers can be defined as
O(|G| x mazx(Vs) x n+|G|> xn+ (2 x k+1) x (E x
D.+V x D,)). Meanwhile, the model complexity of a
GIG-GatedGCN network that contains k& hidden lay-
ers can be defined as O(|G| x max(Vs) x n + |G|? x
n+(2xk+1)x Hx(ExD.+V xD,)).

Table 3 and Table 6 further provide the runtime
analysis for our GIG networks on various datasets in



Table 5: Statistical significant difference analysis (T-Test) results between our best GIG systems and the
corresponding second best systems for both tasks as well as several ablation studies, where the confidence
interval is set to 0.05 (4 denotes there is significant difference while - denotes there is no significant difference).

Type Significant difference (P-value)
GIG vs EGT + (0.0540)
GIG vs InfoGCN - (0.1034)
GIG vs GatedGCN + (0.3238)
GIG vs CTR-GCN + (0.1682)
(i) GSG4+GVU+GGU vs GSG+GVU + (0.0280)
(ii) Default number of proxy edge vs Connect all graph vertices + (0.0018)
(iii) Proxy edge default setting vs Most similar connections + (0.0020)
(iv) GIG edge default setting vs Most similar connections + (0.0003)
(v) Averaging graph vertices vs Random graph vertex + (0.0047)
(vi) GVU —» GGU vs GGU — GVU + (0.2142)

terms of training and inference, respectively. While
our GIG-GatedGCN has more time consumption
of each training iteration/epoch than original Gat-
edGCN, it has much less convergence time consump-
tion on five out of seven datasets and very similar
inference speed as the original GatedGCN. In addi-
tion, the superior performance of GIG-CTR-GCN
is at the cost of longer training time. However,
its inference speed is not slower than the original
CTR-GCN.

Influences of the numbers of proxy edges
and GIG edges on the GVU and GGU’s
complexity: In GVU, the number of proxy edge
can be defined as |EL[/2. We use O(fgVV) to
represent the algorithmic complexity of edge pro-
cessing involved in the specific algorithm used by
the GVU module. Then the time complexity related
to the number of proxy edges can be defined as
O(IEL|/2 x f£VY). In GGU, the number of proxy
edge is same as before, which can be defined as
|E%|/2. Continuously, the number of GIG edges can
be defined as |Ngiobai (P)| X |P|. Furthermore, we can
use O(f$GY) to represent the algorithmic complexity
of edge processing utilised by GGU module. There-
fore, there will be time complexity in GGU module
as O(fSCY x (|EL|/2 + | Ngobal(P)| x | P|)) in total.
Overall, the main time complexity occupation in both
GVU and GGU can be calculated as O(|E}|/2 x
FEVU+ (1Bl /2 + [Ngopan (P)] X |P]) x £95U). From
information extracted from above, the computational
complexity of model during training and inference is
closely related to the number of proxy edges and GIG
edges. From a large scale of experiments, the strategy
we choose to construct connections between local/-
global proxy vertices and graph vertices is to partially
connect each local/global proxy vertex with graph
vertices (e.g. 10% graph vertices of each GIG vertex
in this paper) in the corresponding GIG vertex and
the strategy utilized to build connections between dif-
ferent global proxy vertices with local proxy vertices
from other GIG vertices is upon the KNN algorithm,
which is generally no more than 9 neighbours in all

downstream tasks. Then the actual extra model com-
plexity related to proxy edge and GIG edge during
running can be limited in a small range. In particular,
the time complexity discussed above is only related to
the FLOPs but all parameters are shared in GVU and
GGU modules (e.g., proxy edge and graph edge will
utilise same parameters) for different types of edges.

Table 6: Runtime analysis of our best GIG-CTR-
GCN model on two skeleton video-based action
recognition datasets.

Model Type NTU X-Sub NTU X-View

Each iteration 1.20s 1.80s

Each epoch 11.37m 16.00m

GIG-CTR-GON Convergence 8.72h 15.73h

Inference 0.0131s 0.0152s
Each iteration 0.69s 1.17s

Each epoch 7.22m 11.50m

CTR-GCN Convergence 7.58h 12.46h

Inference 0.0135s 0.0154s

3 Details of the two action
recognition datasets

Table 2 further provides the details of the employed
human skeleton video-based action recognition
datasets.

4 Training hyper-parameter
settings for all experiments

We provide detailed training settings for generic
graph analysis tasks and skeleton-based video action
recognition tasks in Table 4 which represent the set-
tings for our best models. Please check the code
for more details. All models are optimised using the
AdamW [1] optimizer.



5 Effects of different proportions
of similar and non-similar GIG
vertices to be connected with
each global proxy vertex

Table 7: Ablation study for different proportions
in construction of GIG edges. The (i) represents
the proportion of similar GIG vertices adopted
and the (ii) represents the proportion of non-
similar GIG vertices adopted.

Strategy MNIST PATTERN [ TSP
(i) (i) Test Acc(%) T Test Fy 1
10% 90% | 98.76 +0.04 86.80 &+ 0.05 | 0.857 £ 0.001
20% 80% | 98.75+0.03 86.81 & 0.03 | 0.860 + 0.001
30% 70% | 98.77 £0.03 86.83 +0.02 | 0.859 + 0.002
40% 60% | 98.75+0.04 86.85 4 0.01 | 0.859 £ 0.001
50% 50% |98.80 +0.03 86.87 + 0.01|0.863 + 0.001
60% 40% | 98.79 £0.01 86.83 +0.03 | 0.862 + 0.001
70% 30% | 98.73+£0.05 86.82+0.01 | 0.862 + 0.003
80% 20% | 98.79 £0.03 86.85 £+ 0.02 | 0.859 + 0.001
90% 10% | 98.71+£0.07 86.79 & 0.03 | 0.857 + 0.006

Table 7 presents the ablation studies as comparing
the different combination of proportions of similar
and non-similar GIG edges. The results show that
50% similar GIG edges and 50 % non-similar global-
edges possesses the best performance.

6 Statistical difference analysis

We provide statistical significant difference analysis
results in Table 5, where we first compare our best
GIG-based system with the second best systems for
seven generic graph analysis tasks and two human
skeleton-based video action recognition tasks, respec-
tively. It can be seen that our GIG significantly better
than the second best system (i.e., EGT) in generic
graph analysis while also achieving promising p-value
results compared to the InfoGCN on skeleton-based
action recognition. Furthermore, the p-value results
for GIG and its baselines, including GatedGCN and
CTR-~GCN, show the significant difference as well.

Meanwhile, it also compares our best systems
with the second best variants for six ablation study
experiments, which are: (i) the impacts of individual
modules in GIG; (ii) different number of proxy edges;
(iii) proxy edge definition strategies; (iv) GIG edge
definition strategies; (v) local proxy vertex initializa-
tion strategies; and (vi) the impacts of the order of
different modules.

7 Analysis of different similarity
calculation strategies
Table 8 compares the results achieved by using three

different metrics to measure the similarity between
(i) the local proxy vertex and its corresponding graph

Table 8: Results achieved for different similarity cal-
culation strategies used for measuring the similarity
between: (i) the local proxy vertex and its corre-
sponding graph vertices for defining proxy edges; and
(ii) local proxy vertices and global proxy vertices for
defining GIG edges.

Strategy MNIST _ PATTERN | TSP
- Test Acc(%) 1 Test F T
L1 norm 98.64 £0.03 86.57 +0.09 | 0.854 £ 0.003
L2 norm 98.76 £ 0.05 86.81 + 0.06 | 0.861 £ 0.002
Cosine similarity(98.80 + 0.03 86.87 + 0.01{0.863 + 0.001

vertices for defining proxy edges; and (ii) local proxy
vertices and global proxy vertices for defining GIG
edges. It is clear that the employed cosine similar-
ity achieved marginal but consistent advantages over
others, i.e., our approach is relatively robust to the
employed similarity measurement.

8 Baseline and Comparative
Models Evaluated on the

PeMSD7 Dataset for Traffic
Forecasting

All approaches described below have been evaluated
on the PeMSD7 dataset to verify their performances
[2].

* (i) Historical Average (HA) [3] is a simple baseline
that predicts future traffic conditions by averag-
ing historical values at the same time periods (e.g.,
same time of day, same day of week). This is
a common baseline that have been widely used
in traffic forecasting benchmarks for performance
comparisons (2, 4, 5];

e (ii) Linear Support Vector Regression (LSVR) [6]
applies Support Vector Machine (SVM) to regres-
sion tasks by finding an optimal hyperplane that
fits the data within an acceptable error margin. It
have been frequently applied to spatial-temporal
traffic data modeling [4];

e (iii) Auto-Regressive Integrated Moving Average
(ARIMA) [7] is a classical statistical time series
forecasting model that combines auto-regression,
differencing, and moving average components. It is
a standard statistical solution specifically designed
for time series forecasting [8-10] and have been
evaluated in the PeMSD7 dataset [2];

e (iv) Full-Connected LSTM (FC-LSTM) [11]
employs Long Short-Term Memory networks with
fully connected layers to capture temporal depen-
dencies in sequential data. This deep learning
approach is specifically designed for time series
forecasting and can model complex temporal pat-
terns, making it an important baseline for tempo-
ral modeling. This approach has been frequently
utilized in traffic forecasting tasks [12];



Table 9: The numbers and proportions of GIG edges under our best-performing models.

Task

Graph classification

Dataset MNIST CIFAR10 ENZYMES DD PROTEINS OGBG-PPA  NTU RGB+D
GIG edge number (starting from each GIG sample’s local proxy vertex) 6 6 6 6 6 9
GIG edge proportion (for each GIG sample’s proxy vertex) 4.68% 4.68% 4.68% 4.68% 4.68% 4.68% 3.52%
GIG vertex number 128 128 128 128 128 128 256
Task Graph regression Node classification Edge classification
Dataset ZINC(10K) ZINC-full AQSOL PeMSD7(M) PeMSD7(L) | PATTERN CLUSTER TSP
GIG edge number (each GIG vertex) 6 9 6 4 4 6 9 3
GIG edge proportion (each GIG vertex) 18.75% 7.03% 18.75% 3.16% 3.16% 9.38% 14.06% 9.38%
GIG vertex number 32 128 32 128 128 64 64 32

Table 10: Ablation study results achieved for dif-
ferent GIG edge proportions.

Datasets MNIST PATTERN | TSP
Proportion Test Acc(%) 1 Test F1 1

5% 98.80 £ 0.03 86.85+£0.01 | 0.862 & 0.001
10% 98.78 £0.04 86.87 £ 0.01|0.863 £ 0.002
30% 98.75+£0.04 86.83+0.04 |0.863 + 0.001
50% 98.75+0.03  86.81+0.08 | 0.863 1 0.002
70% 98.74+£0.04 86.78£0.05 | 0.862 & 0.006
100% 98.72+0.05 86.77 £ 0.06 | 0.862 & 0.008

* (v) Graph Convolutional GRU (GCGRU) [5] com-
bines Graph Convolutional Networks with Gated
Recurrent Units, designed to handle both the
spatial relations (road network structure) and tem-
poral dynamics of traffic data simultaneously. This
represents a more advanced spatial-temporal deep
learning approach, and have been adopted widely
to process graph-structured spatial-temporal time-
series data, including other traffic monitoring
dataset, such as PeMSD4 and PeMSD8 [13, 14];

e (vi) Spatial-Temporal Graph Convolutional Net-
work (STGCN) [2] is specifically designed for
spatial-temporal graph data, using specialized con-
volution operations to capture both spatial depen-
dencies between nodes in the traffic network and
temporal dynamics. This method has been widely
utilized in the traffic forecasting tasks, including
the Xiamen, PeMSD4, PeMSD7 and PeMSDS, etc
[4, 5, 14]. It’s included as a direct predecessor to the
proposed GIG-STGCN model, providing a clear
reference point for measuring the improvements
gained from our GIG approach;

* (vii) SkateFormer [15] represents a transformer-
based approach for spatial-temporal graph mod-
elling, incorporating attention mechanisms to
model dependencies between different vertices and
time steps. As one of the most recent state-
of-the-art solution, it provides a contemporary
benchmark against our the GIG-STGCN model.

9 The number and proportion of
GIG edges

Table 9 summarises the number and relative propor-
tions of GIG edges belonging to each GIG vertex for
each dataset. Since the connections between GIG ver-
tices are constructed by linking the local proxy vertex

of each GIG vertex to k global proxy vertices belong-
ing to k other GIG vertices, we define the GIG edge
proportion as:

k

Sel -1 v
where |S¢| indicates the total number of GIG ver-
tices of a GIG sample. As summarised in Table 9, we
defined 6 GIG edges per GIG vertex (p ~ 5%) for
graph classification datasets, whereas 9 GIG edges
(p = 4%) are defined for each GIG vertex in NTU
RGB+D dataset. For graph regression datasets, the
number of GIG edges per GIG vertex ranges from 4 to
9 (p = 3%-19%). For node classification datasets, we
define 6-9 GIG edges (p = 9%-14%) for each GIG ver-
tex, while 3 GIG edges (p ~ 10%) are defined for each
GIG vertex in the edge classification TSP dataset.

p

10 Impacts of different GIG
edge proportions

Table 10 reports the results achieved for different
proportions, demonstrating that our GIG approach
is robust to variations in GIG edge proportion-
s/numbers. For the MINIST dataset, the accuracy
consistently remains above 98.7%, with the best per-
formance achieved at a 5% edge proportion. For
the PATTERN dataset, accuracy is highly stable
across all proportions, with the performance peak at
10% proportion. For the TSP dataset, the model
maintains high F1 scores throughout, with optimal
results observed at 10%, 30%, and 50% proportions,
followed by only slight declines at larger proportions.
In summary, the findings above indicate that GIG
performance is largely invariant to the number of
GIG edges, which consistently achieved decent results
across diverse edge settings.
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