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ABSTRACT

Knowledge Graphs (KGs) model semantic relationships between
entities and are widely used in tasks such as question answering,
recommendation, and large language model training. As KGs grow
to billions of triples, storing and querying them on local devices
becomes infeasible and also raises privacy concerns. KG summa-
rization methods produce compact representations, yet existing
methods are either static or not attuned to user interests. In this
paper, we propose Sankofa, a query-adaptive, incremental, and on-
line KG summarization method. Sankofa maintains personalized
summaries on-device by incrementally updating them in response
to new queries and data using a random-walk-based adaptation
of node-centric Personalized PageRank, e�ciently identifying the
most relevant nodes while bounding summary size. We provide
formal guarantees for our PPR approximation and demonstrate ex-
perimentally that Sankofa outperforms existing personalized KG
summarization techniques in speed and accuracy, enabling adaptive,
privacy-preserving KG summaries that evolve with user interests
on dynamic knowledge graphs.

PVLDB Reference Format:

Ama Bembua Bainson, Kasper Overgaard Mortensen, Klim Zaporojets,
Davide Mottin, and Panagiotis Karras. Sankofa: Online Query-adaptive
Dynamic Graph Summaries. PVLDB, 19(10): 2908 - 2921, 2026.

doi:10.14778/3828612.3828641

PVLDB Artifact Availability:

The source code, data, and/or other artifacts have been made available at

https://github.com/AU-DIS/SANKOFA.git.

1 INTRODUCTION

Knowledge Graphs (KGs) represent semantic relationships between
entities through triples and conveniently represent AI-driven sys-
tems for language question answering [23, 72, 73], training of and
prompt construction in large language models (LLMs) [41], seman-
tic search [66], prediction [46, 47] and recommendation [69]. KGs
are also lucratively applied to domain-speci�c research, such as
drug discovery [37], and general encyclopedic search [5, 54, 60].
Users and domain experts seek information in KGs by issuing
queries [14, 18, 51].
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Figure 1: Sankofamaintains a query-adaptive incremental

summary of a server-side KG locally at the user’s device,

while the graph and queries change; prior works do not sup-

port incremental online summaries.

A KG should adapt to the evolution and growth of knowledge,
raising requirements for storage to the order of billions of relation-
ships. In e�ect, current KGs do not �t into ordinary devices and
consumer hardware, requiring powerful cloud-based solutions, and
hence raising privacy concerns [11, 39, 67].

KG summarization [10, 36] addresses the storage bottleneck
by building a succinct version of the graph that reduces redun-
dancy [9, 20, 25] and possibly allows information loss [9, 24, 27].
Such summaries are stored on-device, mitigating privacy concerns,
and allow prompt query execution as they incur no additional com-
munication overhead. However, these techniques are user-oblivious,
as the summaries they provide do not cater to user preferences.
Queries on such summaries may thus fail to yield the information
most relevant to the user.

Query-aware KG summaries [32, 48, 56] aim to address this aware-
ness problem: they retain only parts of the graph that are relevant
to the user, based on past queries. Such summaries are stored on
the user’s device and accessed exclusively by them, enhancing
privacy. Still, query-aware KG summaries are static, as they are
constructed in an one-o� manner based on the available data and
past queries and do not adapt in response to incoming queries and
data updates in an online manner. Online KG summarization meth-
ods [19, 28, 70], on the other hand adapt to data updates, but forfeit
query-awareness.

In this paper, we propose Sankofa,1 a query-adaptive, incremen-
tal, and online KG summarization method. Sankofa incrementally

1From the Twi language, ‘retrieve from the past’, used in the proverb “se wo were � na
wosankofa a yenkyi” (“We do not blame you for reclaiming what slips from your mind”).
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updates a personalized summary in response to new queries and
data through a random-walk-based approach [40]; it adapts incre-
mental Personalized PageRank (PPR) [8] to re�ect changes in the
query nodes, while sampling randomwalks to e�ciently maintain a
PPR approximation, which guides the summary construction using
the nodes of highest PPR.

The key challenge our method faces is that the produced sum-
mary must adapt to a changing query workload in online fashion
and correctly answer both past and future queries.

Figure 1 shows an example illustrating how Sankofa incremen-
tally constructs a personalized, query-aware online summary in
response to the user’s evolving information needs. At the beginning
of the interaction, the user inquires about the author of ‘The Little
Mermaid’ and hence Sankofa generates a summary that identi�es
H.C. Andersen as the author and prioritizes information relevant to
this query. As the user subsequently asks where H.C. Andersen had
traveled, Sankofa expands the summary with information about
the author’s travels to Italy while retaining the information about
his authorship. Thereby, Sankofa may continue answering both
past and newly introduced queries. In the next snapshot, the node
Italy and the edge travelled (shown by dashed lines) are deleted
and a new node, Disney, and the edge adapted are introduced (with
existing connections grayed-out). As the user’s focus later shifts to
the �lm adaptation of the tale, the information about Andersen’s
travels becomes less relevant for the user and is gradually phased
out to make room for new facts about the Disney adaptation of
‘The Little Mermaid’. Overall, Sankofa maintains a personalized
query-adaptive summary that evolves incrementally in online fash-
ion and balances between the preservation of previously relevant
information and the integration of new knowledge as the user’s
interests change over time.

Our chief contributions are as follows:

• We frame the problem of query-adaptive, incremental, and online
knowledge graph summarization.

• We propose Sankofa, a random-walk-based adaptation of in-
cremental node-centric PPR that maintains a summary within
bounded size.

• We provide formal guarantees for our PPR approximation. We
experimentally show that Sankofa is up to 30× faster and 25%

more accurate than the current state-of-the-art works.

2 RELATED WORK

We characterize KG summarization methods as query-aware (QA)
if they integrate the user’s past queries, online (OS) if they quickly
adapt to data changes, and incremental if they progressively adapt to
new queries or data. For a complete overview of graph summariza-
tion, we refer the reader to surveys focusing on general graphs [36],
semantic graphs [10], and static and dynamic KGs [61].

Query-aware (QA) methods aim to preserve relevant informa-
tion considering recent user queries. KSD [62] generates an RDF
summary tailored to the average of three coverage measures over
a set of query keywords to cover their associated classes, proper-
ties and entities. KEYKG+ [50] identi�es the nodes in a weighted
graph that match each query keyword and �nds a minimum-weight
Group Steiner Tree (GST) containing at least one node from each
keyword’s set. iSummary [56] follows frequent shortest paths to

link nodes related to a selected node according to a query log. WB-
Sum [58] connects the top-: RDF schema nodes by importance to
maximize the coverage of workload queries. GLIMPSE [48] maxi-
mizes the log-likelihood that a user prefers the summary content
according to their past queries. SummaryGPT [57] merges nodes
extracted from query logs on-the-�y into semantic categories using
ChatGPT and the KG type hierarchy, yet does not maintain any
memory of past graph changes. APEX2 [32] incrementally updates
the summary to re�ect evolving user interests from the query his-
tory on a static graph using heat di�usion, and preserves relevant
information from previous time steps.

Table 1: Characteristics of query-aware and discrete-time KG

summarization methods.

Algorithm Type Backbone qu
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y-
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-t
im
e

on
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KSD [62] non-quotient weight max coverage ✓ ✗ ✗ ✗

KEYKG+ [50] non-quotient group Steiner tree ✓ ✗ ✗ ✗

iSummary [56] non-quotient min-weight Steiner tree ✓ ✗ ✗ ✗

WBSum [58] non-quotient Steiner tree ✓ ✗ ✗ ✗

Glimpse [48] non-quotient submodular max ✓ ✗ ✗ ✗

APEX
2 [32] non-quotient heat di�usion ✓ ✗ (✓) ✓

SummaryGPT [57] quotient LLM ✓ ✗ (✓) ✗

RDFQuotient [19] quotient equivalence relation ✗ ✓ ✗ ✓

DSSG [28] patterns MDL ✗ ✓ (✓) ✓

ANOT [70] rules MDL ✗ ✓ (✓) ✓

Sankofa non-quotient PPR ✓ ✓ ✓ ✓

Discrete-time KG summarization integrate the graph evolution
through e�cient updates, without full recomputation. RDFQuo-
tient [19] incrementally clusters RDF nodes by structural similarity.
DSSG [28] incrementally updates the summary of a dynamic graph
to capture structural changes, maximizing information gain over the
analyst’s current knowledge by the Minimum Description Length
(MDL) principle. AnoT [70], also MDL-based, summarizes temporal
knowledge graphs into rule graphs that encode complex semantic
patterns for anomaly detection and incrementally updates the sum-
mary. APEX2 [32] is incremental with respect to queries, yet not
discrete-time with respect to the underlying graph.

Online KG summarization generates real-time summaries of the
graph state without using past-query context. Only a few existing
methods are genuinely designed for online operation. APEX2 [32]
produces incremental summaries for individual queries, with a
reported latency of less than six seconds. AnoT [70], originally
developed for anomaly detection, summarizes temporal graphs,
with a reported latency of 44–2300 seconds for di�erent graph sizes.
SummaryGPT [57], presented only as a demonstration, outputs
online summaries but does not report runtime.

Table 1 gathers existing query-aware and discrete-time methods
and their properties. We mark with ‘(✓)’ methods that are claimed
to be online but do not satisfy the requirement by our settings.

3 BACKGROUND

In this section we review knowledge graph summary types and
review the PageRank algorithm on which our method is based.

3.1 Preliminaries

A knowledge graph (KG) G = (E,R,X) is a directed labeled
graph comprising a set of = entities E, a set of relations R and a
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set of < triples X ⊆ E × R × E. A triple G8 9: = (48 , A: , 4 9 ) ∈ X

indicates a relation A: ∈ R between 48 , 4 9 ∈ E. KGs capture rich se-
mantic information about entities via triples. An example of a triple
is (4B , A? , 4> ) = (Hans_Christian_Andersen, wrote, The_Little_Mermaid),
where the subject entity id is Hans_Christian_Andersen and the ob-
ject entity id is The_Little_Mermaid, connected by relation id wrote

(Figure 1). The neighborhood of D ∈ E is the set N(D) = {E ∈ E |
(D, ·, E) ∈ X ∨ (E, ·, D) ∈ X} of all entities connected to D by an in-
coming or outgoing triple. We denote the set of incoming neighbors
as N+ (D) and that of outgoing neighbors as N− (D).

A KG G may be extended to (E,R,X,LE ,LR , 5 , 6, ℎ) to in-
clude a set of semantic entity labels LE and a set of semantic
relation labels LR , equipped with non-surjective set-valued map-
pings 5 , 6, ℎ such that 5 : E ⇒ LE (where 5 (E) ⊆ LE ), and like-
wise 6 : R ⇒ LR and ℎ : E × R × E ⇒ LE × LR × LE . These
mappings allow the semantic information of labels to change with-
out a�ecting the structural representation of entities and relations.
This representation generalizes the Resource Description Frame-
work (RDF) [13] and Labeled Property Graph (LPG) [3] abstractions
by adding semantic annotations.

Dynamic Knowledge Graphs (DKGs) extend this notion to rep-
resent changes via a sequence of (real-time or archived) snapshots:

G� = G1,G2, . . . ,G) , GC = (EC ,RC ,XC ,LEC ,LRC , 5C , 6C , ℎC ),

where each snapshot GC captures the state of entities, relations, and
facts at time C . Each snapshot may di�er in nodes, edges, labels, or a
combination thereof [17]. Dynamic graphs are also called evolving

or streaming graphs [35, 38]. We consider discrete-time DKGs [12],
which we distinguish from continuous-time KGs [12].
Query. A query graph is a connected graph & = (EQ ,RQ ,XQ ),
where EQ = E ∪ {★} is the set of entities, RQ = R ∪ {★} the set of
relations, andXQ ⊆ EQ ×RQ ×EQ the set of triples. The symbol★
denotes an unspeci�ed entity or relation. Each such unspeci�ed
element must be identi�ed by the matching process. Amatch to
a query & = (EQ ,RQ ,XQ ) is a subgraph of G that is subgraph
isomorphic to & , i.e., there exists an injective mapping q : EQ → E

such that for every triple (D, A, E) ∈ XQ there is a distinct corre-
sponding triple (q (D), A , q (E)) ∈ X. In such a mapping, the entities
assigned to the nodes marked with ★ constitute answers to the
query. This matching mechanism is consistent with standard graph
query languages such as GQL [1, 14], Cypher [18], and SPARQL [21].
A query workloadW = {&C }C ∈T is a set of queries, each occur-
ring at a valid timestamp C ∈ T .

3.2 Knowledge Graph Summary Types

Knowledge graph summarization constructs a compact representa-
tion of a KG preserving the most relevant information to reduce
storage and computational costs [16]. Existing summaries are clas-
si�ed as structural, statistical, pattern-based, and hybrid [30].

(a) Structural summaries are based on the graph structure and
can be quotient or non-quotient. Quotient summaries group
similar nodes into equivalence classes while maintaining
features such as edges and labels [49, 57]. Non-quotient
summaries determine important nodes by measures such
as centrality [43, 55, 71] or query workloads [48, 56, 58].

(b) Statistical summaries utilize counts, frequencies, histograms,
and relation ranking [45, 64].

(c) Pattern-based summaries represent the graph via mined pat-
terns or rules that may be used to reconstruct the graph [9,
52, 74].

(d) Hybrid summaries combine two or more of the aforemen-
tioned techniques [44, 53].

We focus on generating a non-quotient structural KG summary.

3.3 PageRank

PageRank [40] is a widely used measure of node centrality in a
graph; in its original formulation, it models a random surfer who,
in each step, either follows a linkwith probability (damping factor) V
or teleports to a random node with probability n = 1 − V .

c8 (D) =
1 − V

=
+ V

∑

F∈N+ (D )

c8−1 (F)

3− (F)
(1)

Teleportation ensures that the walk can reach every node, rendering
the underlying stochastic process ergodic, i.e., admitting a stationary
distribution [31, 40].

The classic PageRank algorithm computes an exact solution by
matrix-algebra power iteration. This method, however, becomes
prohibitive in terms of computation and memory usage for large-
scale graphs, and especially problematic under frequent updates.
Monte Carlo PageRank estimates values through random walks,
allowing for parallelization and e�cient adaptation to graph size
and structural changes [6].

3.3.1 Monte Carlo estimation. The Monte Carlo approximation
method derives ' random walks of expected length 1

1−V
for each

node, with ' > @ ln= for a constant @. The number of times -D
the walks visit node D o�ers an approximation of the global PageR-
ank [6, 8]:

c (D) =
(1 − V)-D

='
(2)

This formulation scales to large or evolving graphs and supports
incremental updates on nodes and edges by updating existing walks
and introducing additional ones without full recomputation.

3.3.2 Updating the Monte Carlo Estimation. As the graph evolves,
the ' precomputed random walks must be updated to ensure cor-
rect PageRank value estimation. By the analysis of [8], each node
stores ' random walk segments of expected length 1

1−V
. The ex-

pected number of stored segments"C that must be updated when
the C th edge arrives is [8, Proposition 2]:

E["C ] ≤
='

1 − V
E

[

cDC
3− (DC )

]

By the random-permutation arrivalmodel, it holds that [8, Lemma 3]

E

[

cDC
3− (DC )

]

=
1
C . As extending a broken walk segment requires ex-

pected cost 1
1−V

, the expected work at time C is ='
(1−V )2

· 1C . Summing

over< edge arrivals yields a harmonic series [8, Theorem 4]:

<
∑

C=1

='

(1 − V)2
·
1

C
≤

='

(1 − V)2
ln<.
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3.3.3 Personalized PageRank Walk. Certain scenarios require a
personalized form of PageRank that express node relevance with
respect to a user, topic, or entity [59]. Whereas the global PageRank
randomwalk teleports to a node uniformly at random with a restart
probability, the local PPR random walk restarts from a certain
locality of a seed nodeF or a small set of seed nodes.

Algorithm 1: PPRBigWalk

Input: / (walk segment storage), F (query-aware dummy seed node), ! (required PPR
walk length), V (damping factor)

1 %F ← [F ] // Start walk at F

2 �F (E) ← 0

3 D ← F // The current last node of the walk

4 Fetched← ∅ // Fetched nodes indicator

5 while |%F | < ! do
6 if Uniform(0, 1) ≥ V then
7 %F ← %F + [F ] // Reset walk to F

8 D ← F

9 else
10 if I (D ) ≠ ∅ then
11 Î ∼ I (D ) // Sample a walk segment from D

12 I (D ) ← I (D ) \ Î

13 %F ← %F + [Î ] // Extend big walk

14 Increment�F (E) by the visit-counter for each E in Î.

15 %F ← %F + [F ] // Reset walk to F

16 D ← F

17 else
18 if D ∈ Fetched then
19 (D, A, E) ∼ N− (D ) // Sample an out-neighbor E

20 # (D ) ← N− (D ) \ (D, A, E)

21 %F ← %F + [E ])

22 D ← E

23 else
24 Fetch copy of walk segments I (D ) , visit counters and outgoing

edges N− (D ) ofD from /
25 Fetched← Fetched ∪D // Mark D as fetched

Output: %F ,�F

Algorithm 1 [8] uses the Monte Carlo PPR to e�ciently and
incrementally maintain the top-: nodes by seed-based PPR scores in
an evolving graph. For each seed nodeF , the algorithm generates a
PPR random walk %F that reaches a speci�ed length ! to guarantee
the accuracy of the top-: result, balancing random exploration with
the use of precomputed walk segments. The walk begins at a seed
node F and is stored in a list %F . At each step, it resets to F if
a random number drawn from a uniform distribution in [0, 1] is
below the teleportation probability (1 − V), to avoid entrapment
in a local region. Otherwise, if an unused walk segment starting
from the last visited node D exists in memory, it is appended to %F ,
e�ectively reusing precomputed paths to reduce computations, and
the walk resets to F to maintain the PPR structure. Otherwise,
if D has been previously visited, the walk continues naturally by
selecting a random outgoing edge from D and appending the next
node E to %F ; if D has not been previously visited, the algorithm
fetches data about the walks and neighbors of D before proceeding.
This iterative process continues until the length of %F reaches !. By
leveraging precomputed walk segments, the algorithm e�ciently
scales PPR walks to large-scale graphs with reduced calculations
and memory overhead by reusing previously computed walks.

3.3.4 Other incremental PPR algorithms. Algorithm 1 has been ex-
tended to support multiple graph updates in each time step [26],
enhancing e�ciency. Similarly, IMCPR [33] incrementally adjusts
previously computed PageRank scores as the graph evolves. Other
approaches [22], leverage indexes to improve the e�ciency of ap-
proximate single-source PPR by storing and maintaining random
walks under graph changes. While these methods maintain PPR

scores in dynamic graphs, they do not adapt in response to changes
in the PPR seed nodes. This issue, that we solve, prevents the adop-
tion of these methods in query-adaptive summarization.

3.3.5 Network Distribution. Most real-world graphs are scale-free,
i.e., follow a power-law distribution where a few hub entities have
very high degrees. Under certain assumptions, a power-law graph’s
in-degree and PageRank follow a similar distribution [34], c8 ∝
8−U , with 0 < U < 1, also expressed as c8 = [ 8−U , where [ is a
normalization factor. Since PageRank sums up to one, it follows
that [

∑=
8=1 8

−U
= 1, hence [8]:

c8 ≈
1 − U

= 1−U
8−U (3)

The expected count of visits to the :th ranked node in a length-!
walk is 2 = !c: , hence ! =

2
c:

. By Equation (3), we get [8, Lemma 6]:

! = 2 ·
= 1−U

1 − U
:U =

2

1 − U
:
(=

:

)1−U
(4)

3.3.6 Estimating the top : nodes. To guarantee the quality of the re-
sults of Algorithm 1, we lower-bound the length ! of a PPR walk %F
so that a top-: entity is visited at least 2 times in expectation [8]. As
the distribution exponent U equals the damping factor V [34], we re-
place 1−U in Equation (4) by the teleportation probability n = 1−V ,
hence the required length ! is:

! =
2

1 − V
:
(=

:

)1−V
(5)

4 PROBLEM DEFINITION

We observe that prior KG summarization methods either consider
a static data graph and query workload, or, in case they admit a
dynamic nature, they do so either only with respect to the data
or only the queries. However, in real-world applications such as
personalized query answering, recommendation systems, and real-
time analytics, both the underlying KG data and user interests are
evolving with time. A KG summarization method should adapt to
these changes; otherwise, it is bound to produce summaries that
are both outdated, i.e., fail to re�ect the latest information, and
irrelevant, i.e., not aligned with the evolving user interests, and
hence require full recomputation with each update. To address
these challenges, we aim for adaptive KG summaries being:

• Online: e�ciently adapting to changes in current informa-
tion (facts, nodes, or relations) in real-time.

• Incremental: progressively incorporating evolving infor-
mation rather than recomputing a whole summary.

Formally, given a discrete-time dynamic KG, GT = (ET , RT ,
XT , LV , LE , T ), with snapshots G1,G2, . . . ,G) at time intervals
T = C1, C2, . . . , C) , and query workloadW = {&C }C ∈T we aim to ex-
tract an online, incremental, structure- and query-aware series of sum-

maries S1,S2, . . . ,S) , in which each summary SC = (E( ,R( ,X( )
is a subgraph of GC , i.e., E( ⊆ EC , R( ⊆ RC , and X( ⊆ XC . Fur-
ther, the number of triples in the summary is bounded by 1, typi-
cally de�ned as a fraction ? of the number of edges in the graph,
i.e., 1 = |R( | = ? |RC |. For each summary SC−1 computed at time
step C − 1, we aim to derive an updated summary SC (SC−1,ΔGC )
as a function of SC−1 and the updated graph ΔGC representing the
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changes in nodes, edges, and labels from snapshot C−1 to C , aiming to
achieve high utility with respect to user queries while maintaining
storage within a bound and low computational overhead. Following
prior work [32, 48], we quantify the utility of a summary SC using
the F1 score over the query workloadW, i.e., the harmonic mean of
precision (fraction of returned answers that are correct) and recall
(fraction of correct answers that are returned). Accordingly, at each
time C , we aim to compute a summary SC = (E( ,R( ,X( ) of size 1
that maximizes the F1 score overW:

argmax
SC

�1(SC ) subject to |XC | = 1 (6)

Directly optimizing Equation (6) is infeasible, as it requires know-
ing future queries issued after time C . In particular, while guarantees
on �((C ) are impossible against an arbitrary workload, as an ad-
versary could always select queries disjoint from the summary, we
optimize (C for workloads that follow a local discovery pattern.
The locality assumption under the random surfer model e�ectively
captures both user preferences [7] and local communities [2].

4.1 Probabilistic interpretation.

The objective in Equation (6) admits a probabilistic interpretation.
We associate each node E ∈ E with a probability ?E representing its
relevance to a query workloadW = {&C }C ∈T , via, e.g., the number
of times the node is queried, user preferences, or node semantics.
Then � =

∑

E ?E is the total expected number of relevant nodes
and �(() =

∑

E∈( ?E is the expected number of relevant nodes in
a subset ( ⊆ E of : nodes. The expected precision and recall of (

are E[P(()] = �(( )
:

and E[R(()] = �(( )
� , hence the expected F1

score becomes:

E[F1(()] =
2 · �(()

� + :
. (7)

As � and : are �xed given workloadW, the objective reduces to:

argmax
SC

�(SC ) subject to |XC | = 1 (8)

This probabilistic interpretation provides a convenient abstrac-
tion. While Equations (6) and (8) optimize over summaries SC con-
sisting of1 edges, Equation (7) requires the : nodes with the highest
relevance probabilities. Section 5.2 shows how to construct a sum-
mary of 1 edges induced by (and, more generally, incident to) the
top-: nodes, provided that : ≤ 1.

5 SANKOFA

We present our summarization method, Sankofa. While the proba-
bilities ?E introduced in Section 4.1 are not known in advance, as
they require knowledge of the query workload, we surmise that
they follow the distribution induced by PPR. This choice stems
from prior KG summarization methods [32, 48] and is justi�ed as
a structural prior on the latent query distribution by the locality
assumption that future queries likely occur in the neighborhood of
the query history. PPR represents the Maximum Likelihood Esti-
mate (MLE) of user interest under a random-surfer model, which
captures user preferences [7] and local community boundaries [2].
However, such prior methods compromise either on query aware-
ness or on supporting graph updates, or both. To overcome these

limitations, we rearchitect the prior Monte Carlo-based PPR estima-
tion for dynamic graphs (Algorithm 1) [8] to incorporate updates
on the query-aware seed nodesF .

Algorithm 2: Sankofa

Input: ) = [C1, C2, . . . ] (timesteps),� = {�C = (EC , RC , XC , LEC , LRC ) }
|) |
C=C1

(dynamic graph),W = {&C }
|) |
C=C1

(queries), V (damping factor), : (number of top

nodes), 2 (visit threshold parameter), ' (walk segments per node), |F8= | (walk
window size), 1 (summary edge budget)

1 (C ← ∅ // Graph Summary

2 /C ← ∅ // Storage of walk segments

3 �̂C (E) ← 0 // Global frequency counter

4 for C in T do
5 Determine dummy seed node FC for set of query nodes&C

6 if C = C1 then
/* Collect and store walk Segments */

7 for E ∈ EC do
8 Collect ' walks starting from E.

9 Store walks and their node-visit counts in storage /C .

10 Increment global visit counters �̂C with walk counters.

11 else
/* Update stored Walk Segments to reflect �C */

12 Obtain changes 'EC , 'XC , �EC , �XC
13 /C ← /C−1 ; �̂C ← �̂C−1

14 for E ∈ 'EC do

15 In /C , remove walks starting from E.

16 �̂C (E) ← 0

17 for G8 9: ∈ 'XC do

18 Update walks in /C containing G8 9:

19 Update �̂C to re�ect updated walks.

20 for 0 ∈ �EC do

21 Collect and add ' walks to /C for 0.

22 Increment global visit counters �̂C with walk counters.

/* Collect ranking statistics for summary construction */

23 ! ← 2
1−V

:
(

|EC |
:

)1−V
// Length of PPR walk

24 %FC ,�FC ← PPRBigWalk(/C , FC , !, V ) // Algorithm 1

25 %̃ ←
⋃C
8=C−|F8= |

{D | D ∈ %F8 \ F8 } // Entities from latest walks

26 forD ∈ %̃ do

27 �̃ (D ) ←
∑C
8=C−|F8= |

�F8 (D ) · W
C−8 // Sums of decayed counts

28 )>?:C (E) ← argmax:
E∈%̃

�̃ (D ) // Get top nodes based on counts

29 forD ∈ %̃ do

30 cFC (D ) ← (1 − V )
�̃ (D)

∑

E∈%̃
�̃ (E)

+ V
�̂C (D)

∑

E∈�̂C
�̂C (E)

// Sankofa rank

/* Extract summary (C (See Section 5.2) */

31 Obtain and add internal triples to (C // Section 5.2

32 if |(C | < 1 then
33 Obtain and add boundary triples to (C // Section 5.2

34 if |(C | < 1 then
35 Obtain and add fallback triples to (C // Section 5.2

Output :( : Query-adaptive incremental top-: summaries

Rather than recomputing a random walk from scratch, Algo-
rithm 1 splits random walks into segments starting from nodes in
the walk, such that only the segments a�ected by a change on the
graph need be updated. Likewise, Sankofa maintains walk seg-
ments to e�ciently determine, at each time C , the list of: nodes with
the largest PPR scores relative to the query workload &1, . . . , &C .
We build the summary SC by selecting  edges induced by the
top-: nodes. Whereas, in general, a query may return a subgraph,
we assume for the sake of simplicity that it returns a result set of
entities matching the variable ★. This assumption naturally covers
structured query answers, treating all nodes in a matching as part
of the result set.

Sankofa builds and continuously maintains two key building
blocks: (i) aMonte Carlo–based long Personalized PageRankwalk %F
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for each query nodeF (Section 5.1), and (ii) a query-aware incre-
mental summary using the top-: nodes ranked by PPR from %F
(Section 5.2). Algorithm 2 outlines the complete solution.

5.1 Maintaining Random Walks

At time C , given a TKG GC1 ,GC2 , . . . ,GC and a query workloadW =

{&1, . . . , &C }, we link all nodes appearing in the query answers at
time C to a dummy node FC , which represents the starting point
of the random walks. By utilizing only query nodes, our method
remains agnostic to node labels, edge types, and schema de�nitions.

In the �rst time step C1, we store ' random walk segments of
expected length is 1

1−V
for each entity E ∈ EC and initialize coun-

ters �̂C (E) of the number of visits to each E across walk segments
(Lines 6–10). The precomputed segments facilitate e�cient access
in later operations. Fetching a node E retrieves its ' precomputed
walks along with its neighbors.

At each subsequent time step (Line 11), we determine a dummy
seed nodeFC connected to query nodes and identify the changes'EC ,
'XC , �EC , and �XC between consecutive snapshots (Line 12). 'EC
and 'XC capture deleted nodes and edges, whereas �EC and �XC
record the new nodes and edges. We maintain these sets incremen-
tally as updates arrive, introducing negligible runtime cost. Based
on these changes, we update the walk segments/C−1 at time C−1 to
re�ect the modi�cations introduced in the snapshot GC . The update
occurs in three steps: (i) For 'EC ⊆ EC , we remove all walks that

start from each node E ∈ 'EC and decrease counter �̂C (E) to re�ect
the deletion (Lines 15–16). (ii) For each deleted edge G8 9: ∈ 'XC , we
truncate any walk containing this edge at its �rst occurrence and
expand the truncated walk to restore the required walk segment
length (Line 18), allowing the use of newly added edges�XC during

expansion. We then update �̂C to re�ect the revised visit counts
(Line 19). (iii) For each E ∈ �EC , we add ' new random walk seg-

ments (Line 21) and update �̂C to account for the additional visits
introduced by those (Line 22).

Next, we compute the required walk length ! (Line 23) and
collect a random walk of length ! starting at FC by Algorithm 1
(Line 24), which incrementally computes the Monte Carlo PPR by
tracking the number of visits to each entity in the walk %F8 using
the visit counter�FC . We also collect all nodes present in walks %F8

in previous timesteps up to C in %̃ (Line 25).
To gradually phase out older information and emphasizing more

recent information, we weight a count at timestep 9 byW8− 9 , where 8
is the latest timestep and W ∈ (0, 1) a decay factor that controls
how rapidly the in�uence of older walks decays (Line 27): smaller W
values emphasize recent activity, while values closer to 1 preserve
long-term memory.

We extract the top-: most frequently visited nodes in the PPR
walk )>?: (E) (Line 28) from the decayed counter �̃ (D), normalize
their counts through division by their sum to obtain PPR c (F, E),
ensuring that values sum up to 1 (Line 30), and use them to �lter
the relevant entities in the subsequent ranking step. Notably, the
top-: ranking does not consider the dummy seed nodeFC .

For the nodes in %F8 \)>?: (E), which are subsequently used to
identify boundary (Section 5.2) and fallback triples (Section 5.2), we
assign scores based on their normalized ranks within %F8 . Nodes in
the parent graph E \ %F8 have a PPR of zero; we therefore derive

their scores from the global PageRank. These global scores are
utilized only when the candidates in %F8 \)>?: (E) are insu�cient
to meet the summary requirements.

As we explain in Section 5.1.1, we derive weights for PPR values
from these normalized ranks, considering)>?: (E), %F8 \)>?: (E)

and E \ %F8 and build a summary (8 targeting a high number of
triples per node in)>?: (E) (Line 31), followed by boundary triples
(Line 33) and fallback triples (Line 35). Figure 2 presents an overview
of the Sankofa framework. Sankofa maintains random walks de-
rived from the query logs and graph snapshots, and constructs a
summary based on the )>?: (E) nodes. We outline the summariza-
tion process in Section 5.2.
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and data
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Figure 2: Sankofa Framework.

5.1.1 Reweighting PPR. We experimentally observed that the sum-
mary quality achieved using the PPR alone is unstable for small
graph and summary sizes. That is due to two reasons. First, when
the big walk %F is shorter, some important nodes may not be visited
often enough to appear in the top-: list. Second, PPR inherently
favors nodes near the seed node F [68] as the teleportation with
probability 1 − V may inadvertently lead to overrepresentating less
important nodes and underrepresenting globally important nodes
that are farther away fromF .

To mitigate this e�ect and ensure that structurally central nodes
are not overlooked due to being far from seed nodes, we reweight
each seed node’s Sankofa PRR scoreF using its global PageRank,
with the damping factor V serving as the reweighting coe�cient:

cF (D) = (1 − V) · c (F,D) + V · c (D)

= (1 − V)
�̃FC (D)

∑

E∈E �̃FC (E)
+ V

�̂C (D)
∑

E∈E �̂C (E)

where c (F,D) is the MC PPR rank of D using seedF , �̃F9 (D) is the
normalized decayed cumulative frequency of nodeD in the big walk
over the recent sliding window, i.e., �̃F9 (D) =

∑

9∈window�F9 (D) ·

WC− 9 for the current timestep C , and c (D) is the global PageRank
for node D, i.e., the count of the number of times a node appears
in all ' precomputed random walks, normalized into a probability
distribution. Using the damping factor V for calculating PageRank
in Equation (1) as a reweighting coe�cient makes sense intuitively:
for V = 1, there is neither teleportation nor reweighting. Besides, we
experimentally determined that di�erent values do not signi�cantly
improve performance.
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Lemma 1. Let c (F,D) be a probability distribution over nodes in-

duced by aMC PPRwalk starting from nodeF (hence
∑

D∈E c (F,D) =

1), and c (D) be a global PageRank distribution (hence
∑

D∈E c (D) =

1). For any V ∈ [0, 1], the linear equation:

cF (D) = (1 − V) · c (F,D) + V · c (D) (9)

also de�nes a probability distribution, i.e.,
∑

D∈E cF (D) = 1.

Proof. Summing both sides of (9) over all D ∈ E we get:
∑

D∈E

cF (D) = (1 − V)
∑

D∈E

c (F,D) + V
∑

D∈E

c (D) .

Since c (F,D) and c (D) are probability distributions, by assumption,
∑

D∈E c (F,D) = 1 and
∑

D∈E c (D) = 1. Hence
∑

D∈E

cF (D) = (1 − V) · 1 + V · 1 = 1

□
Each component of this equation is generally cheap to main-

tain as the graph evolves. Node frequencies update in = O(1) per
timestep, the decayed windowed totals are updated in constant time
using simple multipliers, and the global PR values are computed
once in each timestep from the existing ' random walks and then
used over an already pruned set of nodes. Entities outside �̃FC are
ignored in the MC PPR calculation, as they do not contribute to the
summation; the rank of such entities, cF (D) = (1−V) ·0+V ·c (D) =
V · c (D), is only computed if explicitly invoked. These properties
render the update rule exceptionally lightweight, enabling true
online operation in each timestep.

Empirically, we found that this reweighting is especially bene�-
cial for small summaries, which select only a tiny fraction of nodes.
In such cases, missing a globally important node can noticeably
reduce quality. For larger summaries, however, this concern is less
critical. As the number of nodes grows, the Monte Carlo PPR walk
naturally explores more of the graph, increasing the chance of vis-
iting globally important nodes. Likewise, larger summaries include
more nodes in the top-: set, capturing more in�uential nodes. In
these cases, reweighting has only a minor e�ect, or none at all.

Nevertheless, by combining the MC PPR estimate with global
PageRank, we maintain a balance between capturing local query-
aware importance and global structural in�uence. Thereby, our
method provides reliable top-: summaries across a variety of graph
sizes and summary scales, without overemphasizing either local or
global information. Given our focus on large graphs in Section 6.2,
we investigate the e�ects of weights in improving results for small
summaries. We �nd that this mechanism provides high accuracy
for small summaries and signi�cantly improves the results for a
conventional choice of V . Further, in Section 5.2 we apply the same
formulation to determine the scores of non-top-: nodes during
summary construction.

5.2 Computing the Summary

In each timestep C , we build a compact summary including node and
edge labels SC = (EC ,RC ,XC ,LEC ,LRC , 5C , 6C , ℎC ) that preserves
the most important structural information of the knowledge graph
within a �xed budget of triples 1. We utilize the weighted top-:
nodes)>?: (E) and their corresponding MC scores c (F8 , E), which
rank nodes by importance to the user. We construct the summary

incrementally, beginning with the strongest and most direct connec-
tions among the top-: nodes and then expanding outward to other
regions only when necessary to meet the desired size. As Figure 2
shows, summary construction occurs in the following three phases.

1 Internal triples selection.We commence the construction
by collecting all candidate triples that interact with the top-: nodes.
For each E ∈ )>?: (E), the algorithm examines all outgoing edges
in which the top-: node appears as subject:

Γ
− (E) = {(E, ·, ·) | (E, ·, ·) ∈ XC , E ∈ )>?: (E)},

and incoming edges, where it appears as object:

Γ
+ (E) = {(·, ·, E) | (·, ·, E) ∈ XC , E ∈ )>?: (E)}.

We assume that relevant triples are obtainable from GC via the
implemented storage / . We obtain outgoing triples using an ad-
jacency dictionary and ingoing triples using a reverse index for
all subjects and predicates pointing to a given entity. This bidirec-
tional exploration ensures that the summary captures structural
information �owing into and out of the top-: region, providing a
balanced representation of important entities.

If we restricted the exploration to outgoing triples only, the
summary would ignore parts of the local neighbourhood structure
around the top-: nodes [29]. By exploring both directions, we avoid
structural imbalance in the resulting summary and preserve the
true connectivity patterns of the original graph. We aggregate all
collected triples into a candidate pool

C =

⋃

E∈)>?: (E)

(

Γ
+ (E) ∪ Γ

− (E)
)

Within this candidate pool, we �rst isolate the set of internal
triples, whose both endpoints lie in the top-: set:

Cint = {(B, ·, >) ∈ C | B, > ∈ )>?: (E)}

For a summary budget 1, if |Cint | ≤ 1, we include all the inter-
nal triples in the summary. If |Cint | > 1, we extract the most
important internal triples in linear time, without sorting, by par-
tial selection on a score function being the sum of importance
weights score((B, ·, >)) = cFC (B)+cFC (>) assigned to a triple (B, ·, >).
The summary graph thus forms a core structure that captures the
strongest and most important connections among the top-: nodes.

As the scoring of triples is based on node importance estimated
via the MC PPR, and these estimates are reliable only for nodes that
are visited a su�cient number of 2 times during the big random
walk, we prioritizes these internal triples. This strategy expands the
summary from nodes with well-estimated importance to incorpo-
rate triples involving nodes with more uncertain or less accurately
estimated scores. Thereby, the backbone of the summary re�ects
the most trustworthy structural information, while allowing ex-
pansion to less certain regions if additional triples are required to
reach the budget.

2 Boundary triples selection. If the number of directly relevant
triples is insu�cient to meet the summary budget, we add to the
remaining candidate triples, the boundary triples Cbnd = C \ Cint
which have exactly one node inside the top-: set. To score these
edges, we expand the rank calculation to all entitiesD that belong to
triples in the boundary set Cbnd and lie outside the set of entities in
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recently considered walks %̃ ; for such entities, we calculate cF (D) =
(1 − V) · c (D) and use it in the calculation of triple scores.

Next, we select a subset of the boundary triples to use since the
set of boundary triples Cbnd can be orders of magnitude larger than
the set of internal triples. To ensure that we only select what is
needed from boundary triples, we �nd the di�erence between the
budget 1 and the number of internal triples Cint. Further, to en-
sure we e�ciently prioritize highly weighted triples while avoiding
duplication, we adopt the Efraimidis–Spirakis algorithm [15] for
weighted random sampling without replacement, which bases the
probability that a triple is selected on its relative score. For each
boundary triple with score 08 , we draw A8 from a random distri-

bution A ∼ * (0, 1) and recompute the score as @8 =
− ln A8
08

. This
formulation of @8 ensures that boundary triples of higher weight
are assigned lower, numerically stable keys, as − ln(·) is decreasing
in [0, 1] and A ∈ [0, 1]. To avoid the overhead of explicit sorting,
we extract the smallest keys in priority order by a partial selection
algorithm, limited to the remaining budget size.

We add these boundary triples to the summary in small batches
while also ensuring that each sampled triple is included only if it
has not already been added. Altogether, boundary triples contribute
additional local context to the summary, capturing how top-: nodes
connect to their immediate neighbors while retaining the focus
around the important entities.

3 Additional triples selection In case the internal and boundary
triples do not su�ce to reach the summary budget, we include a
fallback step that includes any remaining triple from the parent
graph, i.e., C�=XC \ (Cint ∪Cbnd). By the same procedure as for the
boundary triples, we determine the number of triples to be added,
apply the Efraimidis–Spirakis sampling algorithm, and partially
select the highest-weighted triples. For triple scoring, we further
expand the rank calculation to cover all remaining entities. Yet,
now we consider only non-top-: nodes whose triples have not been
included in the summary, i.e., B2>A4 ((B, ·, >))=cntkFC

(B)+cntkFC
(>) until

we reach the desired summary size. Thereby we guarantee that the
summary always satis�es the �xed budget 1< |XC |, even in sparse
graphs and situations where the top-: region has sparse structure.

Eventually, the resulting summary graph prioritizes the most
important nodes and their strongest connections and ensures the
summary budget is achieved in a controlled and interpretable man-
ner. The �nal summary preserves the core structure of the original
knowledge graph in a compact form centered around the entities
deemed most relevant to the user. Moreover, the summary is con-
tinuously communicated to the user at the end of each timestep,
ensuring an online process.

5.2.1 Bound on the top-: . The summary size budget also implies a
corresponding constraint on the number of top-: entities required.
Too few top-: hinder approximations, while too many top-: intro-
duce computational overhead. We derive an upper bound on the
top-: based on the density of the graph.

In a knowledge graph snapshot G = (E,R,X) with = = |E |

entities (nodes) and< = |X| triples (edges). The graph’s average
degree 3 = </= re�ects the average number of triples an entity
participates in. For large 3 , the graph is dense, hence entities tend
to be well connected and a small number of top entities e�ectively
summarizes most interactions. For small 3 , the graph is sparse,

hence connectivity is limited and a summary requires more entities.
We therefore de�ne an adaptive upper bound on the number of
top-: entities we need for a summary as the ratio of the count of
all entities to average global connectivity.

Proposition 1. Consider a KG snapshot G = (E,R,X) with = =

|E | entities and < = |X| triples. If each top entity accounts for 3

triples on average, then an adaptive approximate upper bound of the

number of top entities needed to summarize the graph is

:max =
=2

<
(10)

Proof. By de�nition, average degree 3 = </= represents global
connectivity. It follows that the ratio of the count of all entities to

average global connectivity is :max =
=
3
=

=2

< . □

The value of :max computed as above may still be relatively large,
raising high computational cost without raising summary quality.
We use a scaling factor A ≥ 1, which we determine empirically (see
Section 6.3), we set the number of top entities as:

: =
:max

A
(11)

5.3 Complexity Analysis

We consider three phases of a single iteration of Sankofa: walk seg-
ment maintenance, PPR calculation by Algorithm 1, and summary
construction. As observed in [8], the cost of updating walk seg-
ments is only a logarithmic factor larger than the initialization cost.

Initializing =', with = = |E |, walk segments takes O
(

='
1−V

)

time,

while maintaining them over< edge updates takes O
(

=' ln<
(1−V )2

)

. The

number of walks is ' ∝ ln=, hence ' = $ (ln=) [8, Theorem 1]

and the total expected update cost becomes O
(

= ln= ln<
(1−V )2

)

. Accord-

ing to [8, Corollary 8], the cost of Algorithm 1 is bounded by the
number of segment fetches, which are dominant when memory
access is required. When all fetches are in memory, the dominant
cost becomes the maintenance of visit counters�F over the ! steps

of the walk. In this case, ! = Θ

(

:V=1−V
)

= O(=), for : < = and

0 ≤ V < 1. Summary construction requires time in O(= +<). Rank-
ing entities and triples using partial selection takes O(=) and O(<)
time, respectively, assuming : ≪ = and 1 ≪ <. The cost of edge
selection thus does not exceed O(<), as the scanning and sampling
of internal, boundary, and fallback edges are linear in the num-
ber of edges. Combining all phases, the total runtime per iteration

is O
(

= ln= ln<
(1−V )2

+<
)

, for su�ciently large = and<. This complexity

represents an extreme and unrealistic scenario where randomwalks
traverse the entire graph, which is not encountered in practice.

6 EXPERIMENTS

This section presents the results of our experimental study.

Datasets:We employ three large publicly available datasets. Table 2
outlines data characteristics.

• DBPedia [5] is an encyclopedic KG extracted from Wikipedia,
featuring relationships among people, locations, and organiza-
tions. We use �ve snapshots2 spanning the period from 2010

2http://downloads.dbpedia.org/
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to 2013, each represented as a directed graph. We map all enti-
ties and relations to unique integer identi�ers. The �nal graphs
contain 2 to 4 million triples and 1 to 2 million entities.

• IMDB3 is a KG about movies, series, actors, and directors, and
their relations. We use the IMDB-30SP version [65], built from 30
daily snapshots obtained from Jan 22 to Feb 20, 2019.

• Wikidata [60] is a large knowledge graph featuring real-world
entities and their relationships. We obtain the full historical
logs from Wikidata dumps4 and the complete edit history with
temporal granularity of a second. As in [63], we retain only
entities that are present in Wikipedia to ensure data quality
and prune potentially noisy entries. We construct 10 temporal
snapshots from April 2024 with daily granularity.

Table 2: Statistics on employed datasets.

Dataset Entities Relations Triples Timestamps

DBpedia (DBP) 1–2M 4 2–4M 5

IMDB-30SP (IMDB) 160–300K 14 500–700K 30

Wikidata (WIKI) 6M 1310 37M 10

Queries. For each graph snapshot, we generate 200 user queries
following the framework in [48]. The workload includes 5 to 15
topics per snapshot; between timesteps, 40% of these topics shift,
while 10% are random.We split queries into 80% for training and 20%
for testing. We evaluate test queries under two regimes, present and
past. In the present regime, we evaluate each method on unseen
queries in the current timestep, while in the past regime we test
it on unseen queries aggregated from all previous timesteps. To
assess how well models retain past information, we additionally
weight test queries by timestep employing the same scheme that
we used for training.

Baselines.We compare Sankofa against three query-aware sum-
marization methods, using the provided implementations.

• Glimpse is a static personalized KG summarization method
that infers user interests from queries and constructs a compact
budget-constrained summary. Queries serve as seeds for expan-
sion to related entities and relations. The summary is obtained by
optimizing inferred utility under a �xed size budget via a greedy
iterative triple selection strategy based on marginal gain5. To
support dynamic settings, we retrain Glimpse at each timestep
using queries from a two-step window. The time complexity of
Glimpse is O(<) [48, Theorem 2].

• iSummary
6 is a static personalized method that yields KG sum-

maries by expanding from a user-speci�ed entity, selecting the
top-^ most query-relevant neighbors, and connecting them via
frequently queried paths. To adapt iSummary to our setting, we
generalize it to a global personalized summary by aggregating
entity-level summaries over all entities in the query workload.
We replace the node-based ^ constraint with a triple-based bud-
get allocated proportionally to entity query frequency, yielding a
uni�ed, query-aware summary that captures the most frequently
queried regions of the knowledge graph. The time of this ap-
proach is $ (12 + |& | · |�& |

2) [56]. While e�ective for low-hop

3https://datasets.imdbws.com/
4https://dumps.wikimedia.org/
5https://github.com/tsafavi/glimpse-summary
6https://github.com/giannisvassiliou/iSummary

queries, the quadratic dependence on the workload’s query nodes
|�& | leads to poor scalability as query complexity grows, making
it impractical for large query logs.

• APEX
27 is an adaptive extreme summarization method for dy-

namic query workloads on static graphs. It models user inter-
ests via a heat di�usion process and supports incremental up-
dates. To accommodate evolving graphs, we extend APEX

2 to
re�ect structural changes by reusing and adjusting heatmaps
from previous timesteps. We also extended APEX

2 to support
multi-source query workloads, as its default version updates
interest scores for only a single query per timestep. The time
complexity is O(2 |E& |

2 log(2 |E& |)) [32, Theorem 4.2], where 2
is the average number of ℎ-hop neighbors. Designed for 1-hop
queries, it scales poorly with larger or more complex workloads.

6.1 Query Answering

We commence our evaluation by assessing each method’s quality
in terms of F1 score on test queries and its runtime. With DBP and
IMDB, we measure runtime on a 378GB RAM machine running
Ubuntu 18.04.6 LTS, equipped with an Intel Xeon E5-2687W v3
CPU (40 threads) @3.1GHz. For the larger WIKI graph, we use a
1TB RAM machine running Ubuntu 24.04.2 LTS, equipped with
an Intel Xeon Silver 4316 CPU (80 threads) @2.3GHz. The walk
component of Algorithm 2 (Lines 5–30) is implemented in C++ us-
ing pybind11 and compiled using g++ with o2 optimization, while
summary construction (Lines 31–35) runs in Python to match state-
of-the-art graph representations. We average results over 10 simu-
lated query workloads for DBP and IMDB and 5 forWIKI, owing
to its higher runtime. We use 20 random walks per node with walk
length 5 in all datasets. We set the damping factor to V = 0.9. We
justify these choices in Section 6.2.

6.1.1 Present-time and past queries. We evaluate performance us-
ing unseen test queries from the current timestep and a weighted
test set aggregating unseen queries from previous timesteps, while
applying a decay factor of WC− 9 to past queries, consistent with the
training procedure described in Section 5.

We focus on the e�ect of varying the number of query topics on
DBP and IMDB with summary sizes 0.001% and 0.5%, respectively.
As Table 3 shows, Sankofa achieves high F1 across topic settings for
both the present and past variants, closely followed byGlimpse, as it
e�ectively balances responsiveness to recent querieswhile retaining
relevant information from earlier timesteps. Most importantly, it
outperforms Glimpse on DBP while Glimpse does comparatively
better in IMDB. In contrast, APEX2 and iSummary perform better
in the present setting, suggesting that they are more suited to recent
queries and less e�ective at incorporating historical context.

6.1.2 Summary size ratio. We assess the model in terms of the ratio
of summary size to graph size, where the summary size determined
in the �rst timestep is retained in subsequent timesteps to ensure
constant size across timesteps, regardless of graph growth. Figure 3
presents the runtime and F1 across timesteps for di�erent summary
sizes on DBP. Sankofa and Glimpse retain stability across sum-
mary sizes, whereas APEX2 and iSummary struggle to maintain
performance of small summaries as the graph evolves. In terms of

7https://drive.google.com/�le/d/apex
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Table 3: Average F1 score across timesteps in present vs past queries for 10 simulated workloads; 0.001% summary for DBP and

0.5% summary for IMDB; best method highlighted.

Topics Dataset Present Past

Sankofa Glimpse APEX
2

iSummary Sankofa Glimpse APEX
2

iSummary

5 (few topics) DBP 0.865 ± 0.087 0.662 ± 0.114 0.576 ± 0.187 0.647 ± 0.195 0.770 ± 0.107 0.553 ± 0.143 0.577 ± 0.164 0.520 ± 0.181

IMDB 0.947 ± 0.031 0.947 ± 0.031 0.947 ± 0.032 0.883 ± 0.074 0.881 ± 0.141 0.582 ± 0.224 0.520 ± 0.226 0.387 ± 0.246

10 (many topics) DBP 0.574 ± 0.093 0.438 ± 0.083 0.407 ± 0.089 0.420 ± 0.091 0.582 ± 0.119 0.390 ± 0.129 0.354 ± 0.094 0.412 ± 0.093

IMDB 0.949 ± 0.030 0.949 ± 0.030 0.949 ± 0.030 0.884 ± 0.056 0.810 ± 0.190 0.605 ± 0.197 0.536 ± 0.199 0.411 ± 0.213

15 (most topics) DBP 0.427 ± 0.088 0.388 ± 0.094 0.336 ± 0.090 0.396 ± 0.080 0.356 ± 0.086 0.316 ± 0.073 0.365 ± 0.079 0.306 ± 0.088

IMDB 0.948 ± 0.032 0.948 ± 0.032 0.947 ± 0.032 0.876 ± 0.056 0.759 ± 0.227 0.601 ± 0.191 0.566 ± 0.167 0.395 ± 0.195

Sankofa Glimpse APEX
2 iSummary

1 2 3 4 5
0

0.2

0.4

0.6

0.8

1

F
1
(p
re
se
n
t)

0.0005%

1 2 3 4 5
0

0.2

0.4

0.6

0.8

1

0.001%

1 2 3 4 5
0

0.2

0.4

0.6

0.8

1

0.005%

1 2 3 4 5
0

0.2

0.4

0.6

0.8

1

0.05%

1 2 3 4 5
0

0.2

0.4

0.6

0.8

1

0.5%

1 2 3 4 5
0

0.2

0.4

0.6

0.8

1

5%

2 3 4 5
0

0.2

0.4

0.6

0.8

1

F
1
(p
a
st
)

2 3 4 5
0

0.2

0.4

0.6

0.8

1

2 3 4 5
0

0.2

0.4

0.6

0.8

1

2 3 4 5
0

0.2

0.4

0.6

0.8

1

1 2 3 4 5
0

0.2

0.4

0.6

0.8

1

2 3 4 5
0

0.2

0.4

0.6

0.8

1

1 2 3 4 5
100

101

102

103

timestep

R
u
n
ti
m
e

1 2 3 4 5
100

101

102

103

timestep

1 2 3 4 5
100

101

102

103

timestep

1 2 3 4 5
100

101

102

103

timestep

1 2 3 4 5
100

101

102

103

timestep

1 2 3 4 5
100

101

102

103

timestep

Figure 3: F1 vs summary size across timesteps, 5 topics, DBP: present queries (top), past queries (middle), runtime (bottom).

runtime, Sankofa is the fastest, with average runtime below 10 sec-
onds regardless of summary size, followed by iSummary at about 20
seconds, Glimpse at 3 minutes, and APEX

2 at about 8 minutes.

Table 4: F1 score with a sliding window on past queries, 0.001%

summary, DBP.
Test window

1–2 2–3 3–4 4–5

2 0.94

3 0.90 0.86

4 0.79 0.86 0.91

5 0.72 0.78 0.86 0.65T
im

e
st
e
p

(a) Sankofa

1–2 2–3 3–4 4–5

0.70

0.45 0.56

0.46 0.64 0.72

0.27 0.33 0.42 0.49

(b) Glimpse

1–2 2–3 3–4 4–5

2 0.51

3 0.42 0.44

4 0.36 0.39 0.39

5 0.42 0.42 0.45 0.34T
im

e
st
e
p

(c) APEX2

1–2 2–3 3–4 4–5

0.57

0.49 0.49

0.43 0.57 0.74

0.1 0.27 0.42 0.45

(d) iSummary

6.1.3 Memory Retention. We test the model on the recall of past
query information. Table 4 presents the results of a sliding-window

experiment on past queries with a 0.001% summary. Rows indicate
summaries at time step 2 to 5, while columns stand for test windows
of consecutive time steps (1–2, 2–3, 3–4, 4–5). Each cell reports the
F1 score of a summary evaluated on the given window.

Sankofa consistently achieves high F1 scores, demonstrating re-
silience in both present and past settings. In contrast,Glimpse’s per-
formance declines as the evaluation window moves away from the
diagonal, consistently with its training procedure that emphasizes
recent information. Although APEX

2 is an incremental method, its
recall of past information is on par with iSummary.

6.1.4 Scalability. We test the scalability of our method using three
datasets of variant size: (a) IMDB (medium); (b) DBP (large); and
(c) WIKI (very large). Figure 4 reports results for summary size
0.005% for IMDB, 0.001% for DBP, and 0.0001% for WIKI. Sankofa
compares favorably in F1 across datasets, on both present and past
queries, and also maintains the lowest runtime among methods.
In contrast, iSummary is competitive only on present queries and
declines in past queries on the large DBP andWIKI graphs, despite
its relatively low runtime. APEX2 and Glimpse exhibit less stable
performance across all queries and also falter in terms of runtime.

6.1.5 Challenging workloads. Last, we study robustness against
more adversarial queries. We design a workload with topics chang-
ing at every timestep, where the next query is at least 3 hops away
from any previous topic node or any node in shortest path between
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(a) IMDB (medium-size graph), 0.005%

(b) DBP (large graph), 0.001%

(c) WIKI (very large graph), 0.0001%

Figure 4: Scalability test on present (from current timestep,

le�) and past (from all previous timesteps,middle) unseen

queries, summarization time (right).

topic nodes. From these topics we sample 200 2- or 3-hop queries.
Figure 5 shows that Sankofa maintains high quality summaries
across timesteps, while the other methods cannot adapt promptly to
the changes. Notably, APEX2 outperforms iSummary and Glimpse.
While iSummary is the fastest baseline, its exclusive reliance on
shortest paths between query nodes causes signi�cant over�tting,
leaving it unable to capture relevant neighborhood structure.
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Figure 5: Hard queries, 0.5%-summary, DBP.

6.2 Di�erent con�gurations

6.2.1 Robustness on updates. We assess Sankofa ’s performance
under three update scenarios: (i) dynamic graph with dynamic
queries (DD), our default setting; (ii) dynamic graph with static
queries (DS); and (iii) static graph with dynamic queries (SD). As
Figure 6 shows, Sankofa demonstrates stronger stability across set-
tings, while iSummary performs best on SD, but is less competitive
in the default DD. APEX2, although designed for dynamic queries,
struggles to be competitive in DD, as it assumes a single-source
query per timestep. Sankofa is thus robust across a variety of en-
vironments, in which the graph, the queries, or both are dynamic.
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(a) Present (unseen queries from current timestep)

(b) Past (unseen queries from previous timestep)

Figure 6: Robustness test, 0.0001%-summary, WIKI.

6.2.2 E�ect of the decay factor. Next, we examine the behavior
without a decay factor W , which balances the retained past informa-
tion with the in�uence of current queries. Section 6.3.1 details the
decay factor choice with each graph. Here, we compare a Sankofa
variant without decay, Sankofa-nd, to Sankofa for a 0.005% sum-
mary on IMDB. Figure 7 shows that the stability of Sankofa-nd
drops signi�cantly as time steps progress. We conclude that it is cru-
cial, for the sake of long-term stability, to gradually phase out older
information and give more weight to recent timesteps. This e�ect
is particularly pronounced with dynamic graphs of many timesteps,
while it may not be observed for some graphs and summary sizes.

Sankofa Glimpse APEX
2 iSummary Sankofa-nd
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Figure 7: E�ect of decay factor on present-time queries,

IMDB, 0.005%-summary.

6.2.3 Increasing number of timesteps. We juxtapose the two most
scalable algorithms, Sankofa and iSummary, over an extended
time horizon on WIKI. As Figure 8 shows, both methods capture
current updates and queries, but Sankofa excels at retaining past
query relevance. Because iSummary’s runtime scales poorly with
an expanding query log, it cannot maintain the full history during
topic shifts, leading to inferior performance on past queries.
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Figure 8: Long time horizon,WIKI-EXT, 0.5%.
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6.2.4 Real queries. We evaluate how the methods behave on real-
worldWIKI queries. Since real graph exploration queries are scarce,
we adapt organized exploratory sessions8 to a 16-query exploratory
workload spanning June to August 2017 across 16 WIKI timesteps,
using ’Shifting Intent’ sessions (Category 6) from [4] ordered by
date, to mimic a user work�ow: starting with a query (&1), mov-
ing through related searches (&2–&9) and incremental re�nements
(&10–&13), before shifting to a new topic (&14–&16). &3, &5, &6
lack topic entities, challenging the topic-to-object assumptions of
existing baselines. To re�ect local summary constraints, we apply
result limits to the most proli�c queries: 1 000 for &3, &5, &6 (orig-
inally 4.8M matches) and 20 for &15, &16 (originally 400K). We
evaluate present and past accuracy across the query log.
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Figure 9: Accuracy on empirical queries WIKI, 5%.

Figure 9 shows that all methods struggle during early dynamic
timesteps, yet only Sankofa and Glimpse successfully predict enti-
ties during query re�nements. APEX2 and Glimpse exhibit runtime
spikes as long intervals between queries accumulate updates on
compressed sparse adjacency matrices. While Sankofa attains su-
perior performance on past queries, its quality declines slightly
over time, since it does not dynamically adjust W as the evaluation
set grows; while W can be learned by tracking query occurrences,
we �xed it to 0.8 to ensure consistency across experiments.
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Figure 10: Choice of PPR, IMDB, 0.05% and 0.001%-summary.

6.2.5 Choice of PPR. We evaluate the choice of PPR against (1) ℎ-
hop random, which uniformly samples in and out neighbors; (2) ℎ-
hop random outgoing, which samples only out neighbors; and (3) PPR-
2 [48]. As Figure 10 shows,ℎ-hopmethods fail on 0.001% summaries,
and PPR-2 achieves only marginal success. Sankofa delivers high
quality summaries across regimes. As the dataset expands to a
denser random-sampling pool over time, ℎ-hop gains performance.

6.3 Hyperparameter Analysis

6.3.1 Decay factor W . Sensitivity analysis indicates that Sankofa
consistently achieves high F1 scores with larger values of W > 0.6.
While lower decay factorsW < 0.1 can improve long term stability in

8https://github.com/hartig/ExploratoryQueryingSessions

settings with extended time horizons or restrictive summary sizes,
the best rate depends on the setting. For the sake of consistency
across experiments, we �x W to 0.8.

6.3.2 Damping factor V . Table 5 reports the average F1 scores
across 5 topics for a 0.001% summary on DBP with selected high-
end values of the damping factor V . We observe that setting V ≤ 0.20

leads to good performance, while ensuring stability on smaller
summaries. In practice, for reducing runtime and allowing for a
su�cient traversal length we set V = 0.1.

Table 5: E�ect of damping factor V on DBP, 0.001% summary.

V 0.1 0.15 0.2 0.25 0.3

avg. F1 0.86 0.84 0.80 0.70 0.63

6.3.3 Number of top nodes : . Equation (11) sets the number of top

nodes to be selected as : =
:max
A . We empirically determined that

setting A = 1
101

leads to a good balance between the budget 1 and
the top-: selection. Using this value in the expression for : , we

get : =
:max
A = 101 · =2/G, where = is the number of nodes and G is

the number of triples. For instance, a 0.1% summary has 1 = 1000,
hence A = 100, while a 1% summary has 1 = 100, hence A = 10.

6.3.4 Number of walks '. Figure 11 shows that runtime grows
with the number of walks on a 0.001% summary of DBP. Using 20
walks yields about a 1.4% accuracy improvement over 5-10 walks.
It has thus su�ced to use 20 walks in our experiments.
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Figure 11: E�ect of # of walks, 0.001% summary, 5 topics,DBP.

6.3.5 Node frequency 2 . Parameter 2 governs the number of times
is to be counted to be ascertained in the top-: . As recommended
in [8], we set 2 = 2. Our experiments indicate that this parameter
does not a�ect results signi�cantly.

7 CONCLUSION

Wepresent Sankofa, the �rst graph summarizationmethod to incre-
mentally maintain a summary over both dynamic graphs and shift-
ing query workloads. By e�ciently adapting a random walk PageR-
ank approximation, Sankofa achieves high F1 scores on future
queries with a runtime under 25 seconds on theWIKI graph, which
comprises 37 million triples. Incorporating global node weights
further ensures robustness, even for extremely compact summaries
containing only 0.0001% of the original triples. Future work will
explore authenticating summaries [42], integrating semantic infor-
mation and developing faster approximation schemes using random
walk sketches.
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