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Abstract

Keyword search is a fundamental task to retrieve information that is the most
relevant to the query keywords. Keyword search over graphs aims to find subtrees
or subgraphs containing all query keywords ranked according to some criteria.
Existing studies all assume that the graphs have complete information. However,
real-world graphs may usually contain some missing information (such as edges or
keywords), thus making the problem much more challenging. To solve the problem
of keyword search over incomplete graphs, we propose a novel model named
KS-GNN based on the graph neural network and the auto-encoder. By considering
the latent relationships and the frequency of different keywords, the proposed
KS-GNN aims to alleviate the effect of missing information and is able to learn
low-dimensional representative node embeddings that preserve both graph structure
and keyword features. Our model can effectively answer keyword search queries
with linear time complexity over incomplete graphs. The experiments on four
real-world datasets show that our model consistently achieves better performance

than state-of-the-art baseline methods in graphs having missing information.

1 Introduction

Keyword search is an important research topic
which allows users to provide query keywords
and returns the most relevant results. The key-
word search over graph data [1] usually retrieves
top-k subtrees or subgraphs which contain all
the query keywords ranked according to some
criteria. For example, He et al. [2] propose a
general scoring function considering both graph
structure and content, and they aim to find top-%
nodes where each node can reach all query key-
words, and the sum of its shortest path distances
to these keywords is as small as possible. This
ranking method is commonly used in later graph
keyword search works [3} 4].

Query g={c, e, f}

{b,c} {a, d, e} {b, c} {a, d,e}

‘ Answer = {v,} ‘ ‘Answers = {vy, vy, UG}‘
(a) Graph G (b) Incomplete Graph G’

Figure 1: Example of keyword search on incom-
plete graphs

All existing studies assume that the graph data is complete and has no missing information. However,
real-world graphs may usually have some missing edges [5] and missing attributes on some nodes [6].
This renders previous graph keyword search methods fail in finding exact answers when dealing
with such incomplete graphs. Figure[l|shows an example keyword search query over graphs. Given
qg={c, e, }, on the left graph G with no missing information, the best node is v, since it contains
keywords ¢ and f, it can reach v5 containing e, and its sum of the shortest path distances to all
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query keywords is the smallest which is 1 (the shortest distances of vy to ¢, e, and f are 0, 1, and
0). However, on the right graph G’ which has a missing edge and a node with missing attributes, the
result becomes v1, vy or vg, and the subtree consists of {vy, va, vg }, with a total distance of 2.

To handle the missing information, one simple idea is to first utilize some state-of-the-art graph
completion models (such as SAT [6]]) to predict the missing information and then apply the existing
algorithms (such as BLINKS [2]) to find the answers from the graph with predicted keywords and
edges. However, such a completed graph contains many noises and errors comparing with the original
graph, and thus this method has poor performance as shown in our experimental study. To capture
the latent information of the incomplete graphs, we propose to utilize the graph neural network
(GNN) for graph keyword search. GNN has been widely applied in tasks such as link prediction,
node classification, and node clustering [7, 16, 18], but existing models cannot be directly applied to
keyword search since they usually embed all the features (keywords) of a node into a single vector
and they cannot obtain the representation for the individual query keywords.

We firstly design two naive approaches based on GNN and dimension reduction. To achieve better
performance, we propose a novel auto-encoder and GNN-based model using the message passing
mechanism, called KS-GNN. The model mainly consists of three components: an encoder that
transforms the original keyword information to low-dimensional embedding vectors; a decoder
that aims to reconstruct the high-dimensional representation of keywords from the embedding; a
message passing-based aggregation mechanism that preserves the shortest path information between
keywords and the target node. Different from the existing graph keyword search works, we propose to
leverage GNN to obtain representative node embedding that contains the keyword information, taking
the latent graph structure, keyword distribution, and keyword frequency information into account.
Meantime, the proposed KS-GNN is able to encode the input query as a low-dimensional vector by
its learned powerful encoder, and the results are obtained by computing the similarity between the
query embedding and node embeddings. This also speeds up the query processing to the cost of linear
time complexity.

The main contributions of our approach are as follows:

e To our best knowledge, this is the first work on keyword search in graphs with missing
information.

e We propose an auto-encoder and GNN-based model KS-GNN to solve the problem effec-
tively without having to know the complete information of the input graph.

e The experimental results on several real-world datasets show that our proposed model
consistently outperforms several baseline methods.

2 Related Work

Keyword Search in Graphs. Keyword search over graph data aims to find the top-k subtrees or
subgraphs according to some ranking criteria. The conventional methods design algorithms assuming
that the graphs have complete information. For example, DBXplorer [9] proposes to utilize the
number of the answer’s edges as the scoring function. BANKS [10] model tuples as nodes in a graph
and then performs keyword search using proximity-based ranking. He et al. [2] proposes a general
ranking function considering both graph structure and content. BLINKS also builds an efficient
bi-level index structure to improve efficiency. Kargar and An, motivated by the Steiner tree problem,
use the total edge weight in ranking answers [[L1]. There also exists studies on keyword search in
temporal graphs [12]], uncertain graphs [13]], knowledge graphs [14], RDF graphs [15], etc. However,
real-world graphs may usually be incomplete. As all the state-of-art keyword search methods retrieve
the exact answer, the missing information (keywords or edges) imposes a significant effect on the
query results. To address this issue, we propose a graph representation learning-based solution to
solve the top-k keyword search problem on incomplete graphs.

Graph Neural Networks. As a powerful branch of graph representation learning methods, the
graph neural network has been widely used in recent years due to its excellent performance. The
models in the early years are usually based on the so-called graph convolutional network (GCN) [16,
17, [18]], which is based on the Fourier transform theory of graphs developed by Shuman et al. [19].
However, research in recent years has shown that the GCN-based methods can be represented by
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the message passing mechanism, which is more consistent with the experimental results [20]]. The
Graph Attention Network (GAT) [21] is one of the representatives of graph neural networks based on
the message passing mechanism. GAT introduces the attention mechanism to calculate the attention
coefficient between nodes and then uses it to assign different weights to neighbors’ information.
Based on the auto-encoder and GCN, Graph auto-encoder (GAE) [22] is proposed to reconstruct
the adjacency matrix. Moreover, there are some GNN-based works that aim to predict and impute
missing data to a data matrix [23] 24} 6]. However, all the methods mentioned above cannot directly
handle the graph keyword search problem. To our best knowledge, this is the first work that leverages
GNN to process keyword search on incomplete graphs.

3 Problem Statement

A graph keyword search query ¢ = (wg, , Wes, .., Wy, ) contains a set of query keywords, and it
searches relevant results from a grap}ﬂ G = (V,&,W), where each node v € V, each edge e € £,
and each keyword w € W. For each node v, it is associated with a set of keywords {w?}, w3, ..., w2 }.
In this work, we study the keyword search problem over an incomplete graph. To alleviate the effect
of the missing information to keyword search over incomplete graphs, we assume that in the original
graph the query results are obtained by applying the BLINKS scheme [2] (a commonly used graph
keyword search method). Given a query g, let s(v, ¢) denote the score of the node v. According
to [2LBL 25126, 271, s(v, q) = > i~ distymin (v, wy, ), Where dist,,in (v, w,, ) computes the shortest
path distance from node v to a node containing wgy,. BLINKS aims to find top-k nodes where each
node can reach all query keywords in the graph, and the scores of the k& nodes measured by s(v, q) are
the smallest. E.g., in Figure 1(a), s(v4, q) = distmin(v4, ¢) + distpmin(va, €) + distpin(va, f) = 1.

Problem Definition. Given an incomplete graph G’ = (V, &', W' ry,, 1), where &' CE, W C W,
and the proportions of nodes with missing keywords and of missing edges in G are denoted by 7.,
and r., respectively. Given a query ¢, the incomplete graph top-k keyword search problem aims
to find a set S = (v1, va, ..., vg) of k nodes from G’ such that for any vertex v' ¢ S, s(v’,q) >
learning method, since the representative low-
dimensional node embeddings can capture the

max({s(vs, q)|v; € S}).
H) () 0
41\0 U - |L, ------- | Aggregation | ___ G« 0
latent information of the input incomplete graph : 9
! oerm

4 Proposed Methods

We propose to solve the keyword search prob-
lem with an unsupervised graph representation

and thus can help recovering the missing infor- | _.hY CERCTT £(hY) CEmTT)
mation. In addition, low dimensional node em- [~hg EETTD) h EETTO h}
beddings can speed up the query processing by R} (CETH f(h}) OmTm
comparing the node embedding with the gen-

erated query embedding at the cost of linear pjoyre 2: An illustration of the message passing
complexity. In this section, we first propose two ;4 aggregation of Conv-OH, where v; is a target

naive'methods that are based on GNN and di- pode and it aggregates keyword information from
mensionality reduction methods and then we neighbors.

introduce our proposed KS-GNN in details.

4.1 Naive Methods

Conv-OH. Graph convolutional layer has been widely used in GNNs, which enables GNN models
to gather information from neighbor nodes. Our first naive method Conv-OH utilizes the graph
convolutional layer and takes the one-hot encoding of keywords as the input feature for nodes.

Specifically, with [V| = N and [W| = M, the one-hot encoding of node v is denoted by x = {0, 1}
with h, ; = 1if w; is a keyword associated with v and 0 otherwise. Therefore, the input feature
matrix is denoted by X € {0, 1}V*M Let H! denote the output node embedding of the I-th layer,

"For ease of presentation, we focus on the undirected graphs, and it is easy to extend the proposed method in
directed graphs by passing messages along the edges.
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and we have:
B = Aggregate({f(hl), Yu € N(v)} U {h}}), W

where H? = X, f(-) denotes a transform function and \'(v) denotes the neighbors of node v. Using
the combined distance as the scoring function (described in Section[3)), Eq. (I)) can be written as:

By = Q({sgn(hl,) o (B, +1),Yu € N'(v)} U {B}}), @

where Q(-) denotes the element-wise minimum function which ignores zeros, and sgn(h) denotes the
sign function that returns a vector with the signs of the corresponding elements of h (the sign of an
element is 1 if the element is positive and 0 otherwise). For instance, 2({[0, 0, 1,1],[2,0,0,2]}) =
[2,0,1,1], and sgn([0,2,0,3]) = [0, 1,0, 1].

With Eq. (2)), the output of Conv-OH is an N x M matrix, denoted by Z. Note that there is no dimen-
sionality reduction in Conv-OH and thus this method consumes huge space. The node embedding h!,
of v also represents the shortest path distances between the keywords and v. Specifically, if hfj’i > 0,

it means that the shortest path distance between v and wj is hﬁ)yi — 1, and v cannot reach w; within

[ hops if hlm = 0. Hence, Conv-OH is able to return the same answer as does BLINKS [2], if the
graph has no missing information.

For the query processing, given g, we can obtain the one-hot encoding of g, denoted by x,. Therefore,
given the output node embedding Z, the sum of graph shortest-path distances between nodes and the
query keywords can be computed with x,Z ", and the space complexity is O(NM). It is obvious
that Conv-OH cannot deal with the missing information, but it provides some hints to propose more
advanced methods.

Conv-PCA. Principal component analysis (PCA) is a classic dimensionality reduction technique
in multivariate statistical analysis [28]]. In order to facilitate data storage and query processing, we
propose another naive PCA-based method to solve the keyword search problem.

Given the one-hot encoding matrix X as the input feature matrix, PCA is able to keep d principal
components of X with X, = XU, where the rows of U € R?*M form an orthogonal basis for the
d features that are decorrelated [29]. It is worth noting that we can obtain the reconstructed feature
matrix X’ with X’ = X, U. The learning object is to minimize L., = ||X' — X||3, where || - ||2
denotes the L? norm.

Taking X, as the initial node embedding (H® = X,,), we propose Conv-PCA to leverage similar
graph convolutional layers of Conv-OH as below:

B! = maz({ahl,, Yu € N'(v)} U{h}}). 3

where « € (0,1) is a decay parameter used to estimate the shortest path distances in Eq. (3), since
the dimension is reduced from M to d and thus it is difficult to discriminate M keywords within
the d dimensions (d < M). Specifically, a larger cumulative decay corresponds to a larger shortest
path distance. This mechanism performs better than directly using PCA in experiments as shown
in Section For the query processing, given g, we can obtain the query embedding h, = quT.
Therefore, given the output node embedding Z, the similarity scores between nodes and the query
keywords can be computed by h,Z " with linear space complexity O(dN), where the dimension d is
a small constant.

Compared with Conv-PCA, Conv-OH utilizes each element of h,, to record the shortest path distance
between keywords and v and cannot reduce the dimension of node embedding. Conv-PCA can more
efficiently process the keyword search query and requires less space than Conv-OH, but both of them
cannot well handle the missing information in incomplete graphs.

4.2 KS-GNN

Based on the prior discussions on Conv-OH and Conv-PCA, we present the desiderata that guide the
development of our method for tackling keyword search as follows:

Dimensionality Reduction. Taking the one-hot encoding matrix X as input, it is difficult to afford
the cost of generating an output with size N x M. Therefore, the model should be able to reduce the
dimensions of the output node embedding M to a lower level.
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Figure 3: An illustration of the message passing and aggregation of our KS-GNN model.

Key Information Preservation. Some keywords and edges information may be lost in the process of
dimensionality reduction, which affects the performance of keyword search. The model should retain
as much key information as possible to guarantee results quality.

Adaptive Encoding. When generating node embedding, the model should consider the structure
information of the target node centered subgraph and the distribution of keywords on the subgraph,
rather than only considering the keywords of the target node. Specifically, to recover the missing
keywords information in the incomplete graph, the model should be able to capture latent relationships
among different keywords. For instance, a pair of keywords "AI" and "ML" often co-occur on nodes
near to each other (e.g., one-hop neighbors). Given a node containing "Al", it is natural to assume that
the neighbor of this node is more likely to contain "ML" than the nodes whose one-hop neighbors do
not contain "AI".

Keyword Frequency Awareness. Based on the scoring function in Section [3] the returned top-k nodes
tend to be decided by the query keywords with low frequency compared to the high-frequency ones.
Thus, for a given keyword, the number of nodes containing it (we denote this by the keywords’
node frequency) can reflect its importance to the query processing, similar to the inverse document
frequency (IDF) used in information retrieval. The keyword set of the whole graph can be regarded
as a corpus and the keyword set of each node can be regarded as a document. Therefore, the model
should encode keywords taking in consideration of their frequencies, which are measured based on
the keyword node frequency in the whole grap

Based on these desiderata, we propose an auto-encoder based Keyword Search Graph Neural Network
(KS-GNN) for tackling the problem in incomplete graphs. An illustration of the message passing and
aggregation mechanism for generating the node embedding hs with KS-GNN is provided in Fig.

Encoder and Decoder. KS-GNN employs an encoder f to generate low-dimensional node em-
bedding for dimensionality reduction. Recall that in Conv-PCA, the dimension reduction caused
information loss and it is hard to discriminate keywords in the low-dimensional space. To address
this issue, for the sake of key information preservation, KS-GNN employs another decoder g which
aims to reconstruct the input from embedding space. By training f simultaneously with g, the output
embedding of f is able to preserve key information of the input graph. Given the one-hot encoding
matrix X as the input, we define H = f(X) where H € RV 9, For the decoder, it is defined as
X' = g(H) where X’ € RN*M,

In this work, we utilise the multi-layer perceptron (MLP) with a nonlinear activation layer [30] as
both non-linear encoder and decoder. It is worth noting that MLP can be replaced by a more complex
neural network. Our goal here is to use simple encoder and decoder to show the advantages of the
proposed mechanism. In addition, as a conventional learning objective of the auto-encoder, f and g
are trained to minimize:

1
Ly = X" = X3, @)
It is worth noting that the representation PCA learns is essentially the same as that learned by a

basic linear auto-encoder, but the encoder f here is not required to generate embedding based on the
primary components.

The multi-occurrence of a keyword on one node only contribute 1 to this keyword’s node frequency.
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Message Passing and Aggregation. The message passing and aggregation mechanisms for both
Conv-OH and Conv-PCA are based on the orthogonal basis and decorrelated features. However,
in KS-GNN, its encoder f transforms the input without any basis, and thus we cannot simply
apply the max(-) function to capture the information of the nearest keywords on a node. Thanks
to the reconstruction ability of the decoder g, we can utilise g to reconstruct the M -dimension
encoding during the message passing and then using max(-) at this step. Moreover, if the learned
node embedding contains the latent information of the missing keyword of the incomplete graph, g
can also help recover the missing keywords during the reconstruction. Formally, given the output
node embedding H' of [-th layer, we have:

bt = 7 (ma ({ag(hl ), va € M)} U ohl)}) ). ®)

where o € (0,1) is a decay parameter that is the same as the one in Eq. (3). As Eq. (3) shows, the M-
dimension embedding will only be generated by g during the message passing and aggregation, while
the hidden node embedding and the final output node embedding are both d dimensions. Therefore,
it meets the requirement of dimensionality reduction. The message passing and aggregation can be
processed in parallel, and the time-complexity is acceptable. It is worth noting that in incomplete
graphs, due to the mechanism of message passing and aggregation, nodes without any keyword
information can still be embedded accordingly.

Subgraph keywords-based Node Similarity. To realize adaptive encoding, we propose to train
KS-GNN by a triplet siamese network [31] with a triplet loss [32] according to the subgraph
keywords-based node similarity, which enables KS-GNN to capture the latent missing keyword and
edge information on incomplete graphs. For a node v, we consider the subgraph SG,, containing all
the neighbors of v within £ hops for measuring node similarity. The one-hot encoding of this subgraph
SG,, is denoted by xg¢, . For instance in G’ shown in Fig. |1} given k& = 1, the 1-hop subgraph of v
contains keywords {a, ¢, d, e, f} with the corresponding one-hot encoding XsGL = (1,0,1,1,1,1).
Similarly, the one-hot encoding of the subgraphs around v4 and vg are Xgg;, = (1,1,1,0,0,1) and
XsGy = (1,1,1,1,1,1), respectively. Therefore, taking the dot product of embedding as the simi-
larity scoring function, we can compare the similarity between (v5,v4) and (v5,v6) by comparing
nggxgcg = 3 and ngngGé = 5. Specifically, xsq; XgGa < nggxgcé indicates (v5,v6) are
more similar than (v5,v4) in G'.

Given G, the KS-GNN model denoted by ¢, and a sampled batch of triplets 7 = {t1, o, ...tp } =
{(Vo1,Vp1,vq1), (1}02, Up2,Vg2)s s (Von, Upns Vgn) }» KS-GNN is trained to minimise:

Ly = 71 Zmax<m 1(t )(¢(X) ¢(X);—¢(X)Oi¢(x)g)70), ©)

t, €T

where m is a margin hyper-parameter of the hinge loss, 1(-) denotes an indicator function that 1(¢;)
returns 1 if (v,;, vp;) are more similar than (v,;, v4;) and —1 otherwise. Thus, KS-GNN can learn
the structure and keyword information from the subgraphs involved.

For large-scale datasets, it might be time-consuming to compute 1(¢;). In this case, it is acceptable to
intuitively sample 7 based on the links. For example, for a sampled node v,,, v,, can be sampled
from the 1-hop neighbors of v,,, and v,, can be negatively sampled from unconnected nodes of v,,,
thereby setting 1(¢;) to 1. Eq. (6) still takes both the graph structural information and the keyword
distribution into account by feeding the one-hot encoding of subgraph keywords to KS-GNN. In
addition, minimizing Eq. (6) helps generate similar adaptive embedding for the keywords which
co-occur commonly.

Keyword Frequency-based Regularization. Intuitively, if a keyword appears on many nodes, it
is regarded as less important than the keyword which appears on fewer nodes for query processing.
Therefore, in this work, we consider the keyword node frequency, denoted by c¢;, that indicates the
number of nodes containing keyword w;. For instance, in G’ shown in Fig. [l ¢; = 4 and ¢3 = 2 for
keywords a and b, respectively. We propose to enhance the model’s keyword frequency awareness
with a regularization that minimizes:

1
Ls =7 > allf @l @)

w; EW



267
268
269
270

271

272
273
274

275
276
277
278

279

280
281
282
283

284

285

287

288
289

290
291
292

293

294

295
296

297

298
299
300
301

303
304
305

306
307
308
309
310
311
312
313

where I denotes an M x M identity matrix, and I; denotes the i-th row of I. Feeding I; in f can
return the representation of keyword w;, and minimizing Eq. aims to differentiate the lengths
of keyword embeddings according to their keyword frequencies, thereby being aware of keyword
frequency.

To train KS-GNN, the final learning objective is to minimize:
L=XMLy+ ALy + A3L3, ®)

where Aj, Ay and A3 are hyper-parameters. By minimizing Eq. (8), we can optimize KS-GNN to
generate informative node embedding which can capture the latent representation of missing keywords
and edges. The superiority of the proposed KS-GNN is validated in Section[5.3]

Query Processing. To process query g, given the one-hot encoding of g as x,, the trained encoder
f and the learned node embedding Z, we can compute the similarity between the nodes and query
with sq = f(x,)Z", and the top-k answers can be found with the largest scores in sq. In addition,
the space complexity of computing query processing is O(dN).

S Experiments

In this section, we evaluate the performance of our proposed approach, KS-GNN, on four real-world
datasets, including citation networks (CiteSeer), co-purchase networks (Video & Toy) and co-author
networks (DBLP). The details of datasets, additional experimental results and analysis can be found
in the supplementary materials.

5.1 Baseline Methods

We compare our model against five baseline methods, including a state-of-the-art deep learning
based missing-data completion GNN model. More details on the baseline models are provided in the
supplementary materials.

e GraphSAGE [7] is a representative GNN-based graph embedding method. We add an MLP
encoder for GraphSAGE to address the keyword search problem for GraphSAGE.

o BLINK+SAT firstly predicts and completes the missing keywords and edges with a state-
of-the-art missing-data completion GNN model SAT [6] and then utilises BLINK [2]] to
process keyword search on the new graph.

e PCA is based on the classic dimensionality reduction technique [28]].
e Conv-PCA is a naive method proposed in Section

e Conv-rPCA is a variant of Conv-PCA that leverages U to reconstruct M -dimension em-
bedding from h,,.

5.2 Experimental Setup

In our experiments, we compare the proposed method with baseline methods for keyword search
tasks in two kinds of graphs: (1) the graphs with only missing keywords; (2) the graphs with both
missing keywords and edges. For each dataset, to simulate a real-world scenario and quantitatively
control the ratios of missing information, we process the original datasets with two steps: (1) hide the
keywords of randomly sampled nodes with a predefined proportion (denoted by 7,,) in the graph;
(2) randomly hide a proportion (denoted by r.) of the edges in the graph. Let n, = |g| denote the
number of words in the query ¢, we randomly sample 100 queries as the test set for each value of n,
ranging from 3 to 9 with a step of 2.

In addition, in each incomplete graph, the validation set consists of 100 randomly generated queries
with ground truth answers. We tune the hyper-parameters of compared methods with the grid search
algorithm on the validation set, more details can be found in the Appendix. In terms of the evaluation
metric, we use Hits@ K, which is a common ranking metric that counts the ratio of positive edges that
are ranked at the K -th place or above. The ground truth is the top-K answers retrieved by BLINK on
the original graph for each dataset. Specifically, we report Hits@ 100, and more experimental results
(Hits@10 and Hits@50) can be found in the appendix. Moreover, for each experiment, we conduct
10 runs and report the average Hits scores.
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Table 1: Method performance by Hits@ 100 (%) in graphs with only missing keywords.

Datasets Tw 03 05 0.7
ng 3 5 7 9 3 5 7 9 3 5 7 9
GraphSAGE 172 538 672 391 933 415 277 499 968 726 829 6.5
BLINK+SAT 9.8 10.88 1287 1449 986 836 6.12 9.67 357 137 151 207
Citeseer PCA 13.12 841 7.04 605 986 734 680 566 840 6.83 607 546
Conv-PCA 810 720 752 7.87 1093 815 938 523 867 645 693 4383
Conv-rPCA  24.66 2891 3379 3492 2499 2672 29.85 3252 2237 27.15 31.11 3442
KS-GNN 31.21 4213 39.89 41.53 33.19 41.73 41.79 41.24 3256 42.74 4371 4245
GraphSAGE 049 030 006 003 044 0.14 000 0.05 034 035 021 0.16
BLINK+SAT 1021 986 1099 1487 855 692 863 582 1.18 1.15 438 335
Video PCA 1.54 091 055 061 171 072 071 057 166 095 066 0.55
Conv-PCA 1.81 246 158 238 243 149 166 254 242 237 280 337
Conv-rPCA  10.19 1223 16.15 21.37 11.26 15.62 19.51 23.87 10.66 1557 19.17 25.36
KS-GNN 21.43 26.63 2292 39.51 22.54 2257 3041 38.63 21.01 1648 22.01 39.19
GraphSAGE  0.09 2.15 209 1007 003 135 050 1313 0.06 030 0.00 322
BLINK+SAT 11.02 973 7.71 1128 897 791 773 614 063 123 115 177
Toy PCA 185 047 066 043 140 042 043 039 123 042 045 034
Conv-PCA 1537 1592 1796 1460 1192 1137 1635 1295 1248 11.64 1344 11.81
Conv-rPCA 2378 24.14 2295 2209 2457 2382 2638 2230 15.02 20.03 2124 21.67
KS-GNN 2542 2641 2884 28.51 29.26 34.03 30.12 25.72 18.82 2529 3515 23.16
GraphSAGE  0.05 027 006 023 000 006 106 1.14 105 028 0.18 140
BLINK+SAT 837 997 805 989 391 401 323 456 475 193 353 329
DBLP PCA 322 295 222 208 322 265 227 190 283 230 176 174

Conv-PCA 551 596 519 628 432 736 551 7.67 3.8 437 121 258
Conv-rPCA 1440 2430 2582 2496 1259 1851 2293 2262 995 1997 20.87 23.39
KS-GNN 2441 34.67 3998 43.70 2221 31.56 39.97 40.99 20.44 28.84 3396 36.73

5.3 Performance of Keyword Search

Table |1| shows the comparison results in graphs with r,, adjusted from 0.3 to 0.7 and n, adjusted
from 3 to 9. As shown in the table, KS-GNN significantly outperforms the baselines, and changing
T Will not affect its performance. Moreover, the performance of KS-GNN is better when more
query keywords are given. As for the baselines, BLINK+SAT cannot maintain good performance
when many keywords are missing. Compared with Conv-PCA, Conv-rPCA can address the keyword
search in incomplete graphs much more effectively due to the proposed novel message passing
and aggregation mechanism. Although Conv-rPCA has the same message-related mechanism as
KS-GNN, KS-GNN always performs better. This reveals that the proposed learning objective and
auto-encoder-based model are able to enhance the ability of representation learning. Since PCA
focuses on each single node, it performs well when the query keywords are located on the same
node. However, when n, increases, the query keywords tend to be located on different nodes, and
the performance of PCA therefore decreases because it cannot gather neighbor information. By
contrast, although GraphSAGE can aggregate information from neighbors, it sometimes performs
worse than PCA, because only utilizing the max-pooling operator during the message aggregation
cannot well distinguish the information from each unique keyword. This can be proved by that
Conv-PCA performs better than both PCA and GraphSAGE, which also indicates the superiority of
our proposed encoder and decoder-based message passing and aggregation mechanism.

Table [2] presents the results of the comparison in graphs with both missing keywords and edges,
where 7, is set to 0.3 and r,, is adjusted from 0.3 to 0.7. As the table shows, KS-GNN significantly
outperforms all the compared baseline methods, since only KS-GNN can learn the adaptive embedding
and structural information from the incomplete graph with missing keywords and edges. Compared
with Table [T} Table [2]shows that edge missing has no significant effect on the performance of KS-
GNN, while the performance of the baseline methods decreases significantly with the increase of the
missing edges. This proves the robustness of our proposed KS-GNN.

5.4 Analysis of Keyword Frequency Awareness
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Table 2: Method performance by Hits@ 100 (%) in graphs with both missing keywords and edges (.
=0.3).

Datasets

Tw 0.3 0.5 0.7
ng 3 5 7 9 3 5 7 9 3 5 7 9
GraphSAGE 695 475 729 403 1070 397 200 334 662 788 954 3.66
BLINK+SAT  6.67 733 827 847 424 523 585 492 1.04 264 291 221
PCA 11.24 841 7.04 605 986 734 680 566 840 6.83 607 546

¢ Conv-PCA 1027 817 740 831 1183 847 1015 533 912 739 832 458
Conv-rPCA  25.16 2895 31.00 3322 18.89 2593 2825 30.52 2524 2533 3042 30.06

KS-GNN 29.97 38.12 4032 41.63 30.17 3856 36.61 41.94 30.61 40.29 40.65 40.10
GraphSAGE  0.09 0.21 002 0.00 026 005 0.00 0.04 1.65 1.65 222 1.29
BLINK+SAT  1.67 185 248 144 008 099 496 297 219 177 0.78 1.21

Video PCA 1.54 091 055 0.61 171 072 071 057 1.66 095 0.66 0.55
Conv-PCA 1.05 1.59 083 201 143 0.81 0.74 1.23 1.25 1.25 1.31 1.38
Conv-rPCA 382 413 488 713 396 452 533 611 364 458 517 6.55

KS-GNN 12.81 834 1288 21.86 10.01 7.8 7.18 2030 10.34 10.31 1390 19.03
GraphSAGE 000 0.14 074 124 001 024 046 477 000 021 023 0.71
BLINK+SAT 640 432 259 679 353 268 592 216 187 1.65 094 054

Toy PCA 185 047 0.66 043 140 042 043 039 123 042 045 034
Conv-PCA 792 700 740 7.04 466 337 506 413 476 449 537 455
Conv-rPCA  10.12  9.19 1136 1203 751 11.04 854 1135 783 795 549 8.4

KS-GNN 12.83 12.28 12.66 13.66 12.09 11.96 10.88 1580 827 1297 892 9.34
GraphSAGE 021 027 019 047 198 314 111 357 142 092 1.04 147
BLINK+SAT  9.01 9.91 6.79 854 556 486 435 271 1.7 036 0.68 0.03

DBLP PCA 322 295 222 208 322 265 227 190 283 230 176 1.74
Conv-PCA 449 548 489 581 335 592 446 617 323 426 132 236
Conv-rPCA 511 1255 1395 1439 1130 1676 1606 466 4.06 10.10 641 16.68

KS-GNN 22.07 2614 33.67 36.09 17.26 2520 2826 32.14 17.12 24.69 27.18 28.14

As discussed above in Section4.2] we propose

anovel learning objective for training KS-GNN ~

that aims to enhance its ability of keyword fre- = =

quency awareness. Therefore, in the incomplete = S .
graph with r,, = 0.3 and r. = 0, we conduct ex- B ‘ '
periments which show the relation between the 0.5%% 550 200 0.5%% 300 700
keyword frequency c; and the length of keyword Gi Ci
embedding || f(I;)||2. We compare the results by (a) Without L3 (b) With L3
setting A3 to 1 or 0, which indicates whether to Figure 4: Comparison of the ab]hty of keyword
minimize Eq. (7) or not. frequency awareness by whether using £3 or not.

As the figure shows, by minimizing Eq.(7), KS-GNN can significantly learn the keyword frequency
awareness, which is reflected by the length of keyword embedding. It is presented that the keywords
with high frequencies turn to be less important than before utilizing Eq. (7). Because compared
with the long keyword embedding, shorter keyword embedding tends to be ignored during the query
process. It is also interesting to notice that the lengths of some low-frequency keywords decrease.
This is exactly what we expect since there are many low-frequency keywords in the graph, therefore
it is meaningful to distinguish them according to their importance.

6 Conclusion

Keyword search in graphs is an important problem with many applications such as network analysis
and recommendation. The keywords and edges in graphs might be lost or incomplete due to some
reasons in real-world applications, such as storage limitation or privacy issues. In this paper, we study
the keyword search problem in incomplete graphs and propose a novel auto-encoder and GNN-based
method, KS-GNN. Compared to existing methods, KS-GNN is able to address the problem when
some nodes have missing keywords or some edges are missing in the input graphs. The results of
extensive experiments on real-world datasets reveal that KS-GNN significantly outperforms the
state-of-the-art baseline methods on the incomplete graph keyword search task.
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