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E�cient graphlet kernels for large graph comparison

F1 F2 F3 F4 F5 F6

F7 F8 F9 F10 F11

Figure 2: All graphlets of size 4

We now consider size 4 graphlets.

Modulo isomorphism there are 11 graphlets of size 4
(see Figure 2). Let us denote these graphlets Fi and
their counts |Fi|, i 2 1, 2, . . . , 11. As in the previous
case, we will first count all graphlets which contain at
least one edge.

Assume we want to count subgraphs containing edge
(v1, v2). As before, for v2 there are |N(v1)| choices
and for each pair (v1, v2) we have 4 cases for the third
node v3: v3 2 N(v1) \ N(v2), v3 2 N(v1) \ N(v2),
v3 2 N(v2) \ N(v1) and v3 /2 N(v1) [N(v2).

v3 from the first three cases can be enumerated in
O(d). And for each triplet (v1, v2, v3) we can count
size-4 subgraphs containing this triplet in O(d), as we
can compute cardinalities of all intersections of N(v1),
N(v2) and N(v3) in O(d).

As to v3 in the fourth case, there are 2 types of
graphlets which arise in this case and do not arise
in previous cases: graphlets of type F9 and F10. For
fixed v1 and v2 it is possible to obtain the number of
graphlets of type F9 by counting the number of edges
not adjacent to any of the nodes v 2 N1(v1)[N1(v2).
This quantity is equal to m+1�|N(v1)|�|N(v2)|�K,
where m is the number of edges in the graph which can
be precomputed, |N(v1)| + |N(v2)| � 1 is the number
of edges adjacent to v1 or v2 and K is the number of
edges adjacent to nodes in (N(v1) [N(v2)) \ {v1, v2}.
The latter equals to the number of previously counted
graphlets with the same v1 and v2, where v3 and v4

are connected (i.e. where v4 2 N(v3)). Once |F9|
is computed, we obtain |F10| by subtracting |F9| from
�

n�|N(v1)[N(v2)|
2

�

, which is the number of pairs of nodes
outside N(v1) [ N(v2). The fourth case does not in-
crease the runtime complexity of previous cases and
remains O(d3) per v1.

At last, |F11| =
�

n
4

�

�
P10

i=1 |Fi|.

Note that, as in the previous case, we will count each
graphlet at least twice as many times as the number
of edges it contains. Additionally, in case if v3 and v4

are both neighbors of v1 or v2 (i.e., all configurations
except v4 2 N(v3) \ (N(v1) [ N(v2))), the graphlet
spanned by these four nodes will be counted twice per
fixed (v1, v2). To avoid this, we divide the counts of

dataset size classes # nodes # edges
MUTAG 188 2 (125 vs. 63) 17.7 38.9
PTC 344 2 (192 vs. 152) 26.7 50.7
Enzyme 600 6 (100 each) 32.6 124.3
D & D 1178 2 (691 vs. 587) 284.4 1921.6

Table 1: Statistics on classification datasets.

these graphlets by 2.

5 Experiments

In this section, we evaluate the performance of our ker-
nel and compare it with state of the art graph kernels
in terms of runtime, scalability, and prediction accu-
racy. Our baseline comparators are the classic ran-
dom walk kernel of (Gärtner et al., 2003; Kashima
et al., 2004; Vishwanathan et al., 2007), that counts
common walks in two graphs, and the shortest path
kernel of (Borgwardt & Kriegel, 2005), that compares
shortest path lengths in two graphs. Both these ker-
nels work on generic graphs, and are shown to perform
competitively in their respective publications. For the
random walk kernel we uniformly set the decay factor
� = 10�4. For the shortest path kernel we used the
delta kernel to compare shortest-path distances.

Datasets We perform experiments on three di↵erent
well known, publicly available datasets namely MU-
TAG, PTC, Enzyme. We also test our kernels with a
large protein function prediction dataset from (Dob-
son & Doig, 2003), which we will refer to as D & D.
Table 1 provides a summary.

Experimental settings We test di↵erent variants
of our graphlet kernels: by varying the graphlet sizes
k 2 {3, 4, 5}, the types of graphlets we consider (fully
connected vs all), and sample size (di↵erent values of
precision, ✏, and confidence, �).

To compute size-3 graphlet kernel based on sampling,
we drew samples of 1016 graphlets (corresponding to
✏ = 0.1, � = 0.1), 1154 graphlets (✏ = 0.1, � = 0.05),
4061 graphlets (✏ = 0.05, � = 0.1) and 4615 graphlets
(✏ = 0.05, � = 0.05). Analogously, for size-4 and size-
5 graphlet kernels we used four sample sizes: {1986,
2125, 7942, 8497} and {5174, 5313, 20696, 21251} re-
spectively.

We use a binary C-Support Vector Machine (SVM) to
test the e�cacy of our kernels. We perform 10-fold
cross validation, and for each fold we independently
tune the value of C, the SVM regularizer constant, by
considering the training data from that fold. This pro-
cess is averaged over 10 random splits of the data. We
report classification accuracies in Table 2 and runtimes
for kernel matrix computation in Table 3.
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