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ABSTRACT
Shortest path queries are a fundamental operation on graphs with
numerous applications. E�ciently executing shortest path searches
in RDBMS is challenging, as graphs can not only be static relations
but might also occur as ad-hoc intermediate results of complex
analytical queries. Especially single-pair shortest path queries are
di�cult to accelerate, because they require minimizing the search
space and intermediate results cannot be shared e.g. for multiple
destinations. To address these challenges, we present Nav-Index,
an adaptive index for relational DBMS that accelerates large-scale
shortest path queries with seamless integration into SQL and rela-
tional algebra. Nav-Index switches adaptively between three modes:
an ad-hoc generic mode using Dijkstra’s algorithm, an ad-hoc opti-
mized mode for sparse graphs leveraging contraction hierarchies
(CH), and a table index mode for static graphs also leveraging CHs.

Graph DBMS typically provide speci�c implementations for such
queries and are valuable for many workloads. In practice, however,
existing systems show limited throughput for large-scale graphs
such as road networks and o�er limited optimization for analyti-
cal relational processing. Embedding Nav-Index into an RDBMS
allows for a seamless composition with other relational operators,
query decorrelation, cost-based optimization, morsel-driven paral-
lelism, and pipelining. In the case of sparse graphs, Nav-Index’s CH
mode transforms the graph into a contraction hierarchy, allowing
algorithmic speedups by orders of magnitude.

We implemented Nav-Index into the compiling RDBMS Umbra
and evaluate it extensively on road networks from small cities to
the whole planet and social graphs. In our experiments, Nav-Index
outperforms all other database systems that we have tested by
orders of magnitude due to algorithmic advantages and an e�cient
implementation. It can index the road network of Europe in under
12 minutes and Earth in less than 68 minutes, allowing planet-scale
shortest path queries in milliseconds in a general-purpose RDBMS.
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Figure 1: Planet-scale shortest path queries on road networks.

1 INTRODUCTION
Relational Database Management Systems (RDBMS) play a key role
in analyzing and querying very large datasets due to the versatility
of the relational model and the e�cient optimization and execution
of analytical queries. However, over the past years, dedicated graph
systems have been introduced to improve usability and performance
on graph workloads. We observe two main challenges with graph
data in RDBMS which make graph systems seem appealing.

• Graph queries (such as shortest path queries) can be di�cult
to express in classic SQL.

• Specialized graph algorithms, such as shortest path com-
putations, can be ine�cient when relying on traditional
relational operators due to growing intermediate results.

The Appeal of Graph DBMS. To address both challenges, systems
with specialized query languages and dedicated graph algorithms
were introduced, improving usability and algorithmic performance
[14, 25, 35, 38]. However, inmany scenarios, RDBMS can still outper-
form graph systems on graph workloads if carefully implemented
in SQL [2]. We attribute this to many optimizations in RDBMS
that bene�t from decades of research in query optimization and
execution. Therefore, the question arises whether it is sensible to
further extend RDBMS towards graph workloads by integrating
extensions to SQL and graph algorithms directly into RDBMS.

Graph Workloads in RDBMS. The addition of SQL/PGQ to the
SQL:2023 [20] standard is a �rst step towards expressing graph-
speci�c queries without di�cult-to-write recursive SQL. The ex-
ecution of such queries, however, is more involved, since graph
operations and algorithms can be diverse and are not always map-
pable to classic relational operators. While pattern matching can be
e�ciently executed using multiple joins [2, 6], shortest path queries
(especially single-pair shortest path queries) can be more involved
due to unnecessarily large intermediate results.
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Shortest Path�eries. We focus on shortest path queries on directed
weighted graphs with non-negative edge weights. Especially single-
pair shortest path (SPSP) queries are challenging because their
performance heavily depends on minimizing the search space. A
very prominent shortest path use case in daily life is route planning
in road networks (running example), as shown in Figure 1.

A road map can be described using a single relation roads(src,
dest, weight). To determine the shortest path from src to dest in
SQL/PGQ, we use the following MATCH clause:

match path = any shortest
(a:nodes where a.id = <src>)-[r:roads]->*(b:nodes

WHERE b.id = <dest>)
as sp;

We use the following SQL-like syntax, which is closely related to the
syntax used by the PostgreSQL extension pgRouting [31] (which
also o�ers shortest path search). It can be derived from PGQ [38],
o�ers similar functionality, and is easier to read and write:

select shortest_path(
table (select * from roads), orig, dest

);

Q1

Q1 returns the shortest path from orig to dest using the roads rela-
tion as graph input. Considering a dataset of many trips(orig, dest,
dist), we can ask for all trips that did not take the shortest route
(e.g., detours made by delivery drivers due to tra�c):

select t.dist, weight(shortest_path(
table (select * from roads), t.orig, t.dest

)) from trips t;

Q2

Q2 can be used to analyze the e�ciency of actual trips compared
to the optimal route and is our running example. The shortest_path
function uses source and destination from the trips relation. Note
that both parameters can be arbitrary (even correlated) columns.

select avg(
length(shortest_path(
table (select * from roads), t.orig, t.dest))

-length(shortest_path(
table (select src, dest, weight + 1 from roads),
t.orig, t.dest))

)
from trips t;

Q3

Q3: How many turns could be saved by incorporating the turn
count into the weight metric (assuming each edge represents a turn
in the road network)?

These examples are just a glimpse of the variety of shortest path
queries on road networks that can be expressed in SQL. While
Q1 resembles a typical map application scenario with a single path
lookup, Q2 and Q3 are executed for many tuples of the trips relation
and could be part of a data analytics use case. While Q1 and Q2
query a persistent roads table which could be optimized using a
table index, Q3 uses an intermediate result of a subquery as a graph
and requires an ad hoc graph index to be executed e�ciently.

Faster than Dijkstra with Contraction Hierarchies. The classical ap-
proach to shortest path search is Dijkstra’s algorithm [12]. However,
in road networks, which are typically sparse graphs, specialized
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Figure 2: Nav-Index’s three adaptive modes: 1) A general-
purpose shortest path index for small graphs or few queries,
2) an ad-hoc contraction hierarchy (CH) index for sparse
graphs, and 3) a CH table index for static graphs.

shortest path algorithms such as contraction hierarchies (CH) [17]
can accelerate shortest path queries signi�cantly. Contraction hier-
archies split path�nding into a build and a query phase, accelerating
path lookups by orders of magnitude. While contraction hierar-
chies are well-studied in the context of shortest path algorithms
[3], implementations in general-purpose RDBMS and Graph DBMS
are rare. For example, the graph database systems Neo4j [25] and
TigerGraph [35] both implement Dijkstra and A* search [19] but do
not support contraction hierarchies. pgRouting (a routing extension
for PostgreSQL) [31] implements Dijkstra and other classic shortest
path algorithms. Recently, an experimental function for contraction
hierarchies was added to pgRouting [32] but is still too limited
for practical use, as shown in our evaluation (Section 5). However,
contraction hierarchies are not suitable for all scenarios. The build
phase can be time-consuming and is only justi�ed for many queries
on the same graph. For arbitrary graphs or ad-hoc graphs (e.g., inter-
mediate results) with only a few queries, classic Dijkstra might be
preferable if the build cost cannot be amortized. Therefore, DBMS
have to trade o� between generality and performance.

Nav-Index. Nav-Index bridges the gap between high-performance
path�nding algorithms and the generality of RDBMS by accelerat-
ing shortest path queries on large-scale graphs with three modes
of adaptivity: 1) a general-purpose shortest path index for Dijkstra
searches, 2) an ad hoc CH index for sparse graphs, and 3) a CH
table index for static graphs.

Additionally, a deep integration into an RDBMS is appealing to
o�er an easy-to-use declarative SQL interface for complex analyt-
ical queries involving shortest path computations. Therefore, we
integrate Nav-Index into the compiling database system Umbra [28]
as an index structure paired with a relational shortest path operator,
as shown in Figure 2. This allows Umbra to optimize shortest path
searches alongside other relational operators to allow for query
unnesting [27, 29], cost-based optimization, morsel-driven parallel
execution [22], and pipelining [26].

As a running example throughout the paper, we use Query 2
introduced above. The actual workload depends on the graph (roads
relation), the cardinality of trips (|trips|), and the presence of a
table index on the roads relation. With Nav-Index the user does
not declare which strategy to use. The best evaluation strategy
(Nav-Index mode) depends on these workload properties and is
automatically chosen by the system, similar to physical operator
selection. The system identi�es from the schema if a table index
is present (mode 3) and uses cardinality estimates and runtime
observations to decide between mode 1 and 2. In the case of a small
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number of trips, it is e�cient to perform Dijkstra’s algorithm (mode
1) for each trip. However, if the shortest path function is evaluated
for many trips, it is more e�cient to build an ad-hoc contraction
hierarchy (CH) index for the graph (mode 2) and execute lookups
for each trip.

We evaluate our adaptive implementation using planet-scale
real-world road networks (sparse, large diameter) [30] and social
networks (Twitter Social Circles, denser, small diameter) [23]. We
compare it to existing implementations in RDBMS, dedicated graph
systems and the routing library OSRM [24]. Our results show that
Nav-Index signi�cantly outperforms existing database systems on
both single shortest path queries and analytical workloads involv-
ing many shortest path queries by orders of magnitude for both
datasets. Umbra with Nav-Index can index the whole planet with
over 756 million edges within 68 minutes and answers shortest path
queries in a few milliseconds. The road network of Europe with
over 146 million edges can be indexed in under 12 minutes and
could therefore be rebuilt frequently to support live tra�c updates.

The remainder of this paper is structured as follows: Section 2
describes the design and algorithmic details of Nav-Index. The op-
timizer decision and the cost model are described in Section 3. Sec-
tion 4 shows how the build phase is parallelized. Section 5 evaluates
our implementation against existing systems. Section 6 discusses
related work, and Section 7 summarizes the results.

2 NAV-INDEX
To enable e�cient shortest path computations for ad-hoc and static,
sparse and dense graphs in an RDBMS, we propose an index struc-
ture that adapts to the graph characteristics: the Nav-Index. We
consider shortest path queries on directed weighted graphs with
non-negative edge weights, which can be speci�ed by a single edges
relation 𝐸 ∶ {[𝑠𝑜𝑢𝑟𝑐𝑒, 𝑑𝑒𝑠𝑡𝑖𝑛𝑎𝑡𝑖𝑜𝑛,𝑤𝑒𝑖𝑔ℎ𝑡]}.

In the case of sparse graphs, shortest path queries can be accel-
erated by transforming the graph into a contraction hierarchy. A
shortest path search of our running example is shown in Figure 3.
It compares a shortest path search on the German road network on
a contraction hierarchy to a classic bidirectional Dijkstra search.
Each line in the �gure is an edge touched by the search. While the
unoptimized Dijkstra search has to explore a signi�cant portion of
the graph in full detail, the optimized contraction hierarchy allows
�nding the same shortest path by taking shortcuts and exploring

Contraction Hierarchy 
797 Settled Nodes

Bidirectional Dijkstra 
60.125 Settled Nodes

Figure 3: Dijkstra vs. contraction hierarchy: Search space
comparison for a shortest path query near Munich.

only a small fraction of the graph. In this example, the basic bidi-
rectional Dijkstra search settles over 60,000 nodes, while the search
on the contraction hierarchy settles fewer than 800 nodes.1 This
results in signi�cant speedups for shortest path queries by orders
of magnitude, as shown in the evaluation (Section 5).

2.1 Three adaptive modes
To handle generic graphs e�ciently while enabling additional opti-
mizations for sparse graphs, our implementation uses three adap-
tively chosen modes of operation:

• Ad-Hoc Index (Dijkstra) For small or dense graphs and
few queries where the construction of a contraction hierar-
chy would not pay o�.

• Ad-Hoc Index Optimized (CH) For sparse graphs and
bulk queries on the same graph where the build cost of
a contraction hierarchy can be amortized over multiple
queries.

• Table Index (CH) For static graphs. Here, the construction
cost of the contraction hierarchy is amortized over many
individual queries.

All threemodes share the same graph representation andDijkstra
implementation, allowing highly tuned and optimized common
operations, bene�ting all three modes.

2.2 From SQL to Nav-Index
For seamless integration into SQL and relational algebra, we im-
plement shortest path search into the compiling database system
Umbra as a table function shortest_path(table edges, src, dest). This
function takes an edges relation as input and returns the shortest
path from src to dest as an array of nodes. It is mapped to a binary
relational ShortestPathOperator with two input relations: the edges
relation and a temporary table with a single tuple consisting of
source and destination.

Correlated shortest path queries. If source and destination are not
constant but columns of other relations, the ShortestPathOperator
becomes a dependent ShortestPathOperator analogous to a dependent
join. The query can then be unnested using general unnesting
techniques [27]. This allows shortest path queries to be combined
with other relational operators without any special treatment.

Nav-Index mode selection. The ShortestPathOperator can be exe-
cuted in one of the three modes described above. If the edges rela-
tion is a base table with an existing table Nav-Index on the required
columns, the Table Index CH mode is chosen. If the edges relation
is an intermediate result or no table index exists on the base table,
the ad-hoc Optimized CH or Dijkstra mode is chosen based on a
cost model which is described in Section 3.

Probing the Nav-Index. For all shortest path queries, the Shortest-
PathOperator probes the Nav-Index with source and destination.
The graph representation is chosen such that both Dijkstra searches
and CH lookups can be executed identically using an optimized bidi-
rectional Dijkstra implementation. The only di�erence is that in the
case of contraction hierarchies the graph representation contains

1A node is called settled once its shortest-path distance is �nal and will not be updated
further.
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additional shortcut edges, and the search only needs to traverse
the hierarchy upwards. Since the lookup is a read-only operation,
multiple shortest path queries can be executed in parallel and can be
pipelined with other relational operators without materializing the
tuples. Consequently, as long as the index �ts into memory, short-
est path queries can be executed on larger-than-memory relations
without spooling intermediate results to disk.

2.3 Optimized Version - Contraction Hierarchy
In the case of large graphs where additional build time can be
amortized over multiple queries, Nav-Index builds a contraction
hierarchy [17]. While CHs are a prominent index structure for
shortest path search in road networks, implementations in general-
purpose DBMS are uncommon. A rare example is pgRouting [31],
which provides an experimental contraction hierarchy function,
highlighting the desirability for such features in database systems.

While modern research on contraction hierarchies often focuses
on extending or further optimizing them for the special case of
road networks, we try to keep our approach independent of any
other metrics besides the weighted edges themselves. For a full
explanation of contraction hierarchies we refer to [17]. Here, we
give a brief overview of the main concepts relevant for Nav-Index:

Conceptually, a contraction hierarchy is a hierarchical version
of the input graph allowing faster shortest path lookups without
compromising correctness. Themain idea is to assign an importance
to each node, which yields the hierarchy. The main goal is that
shortest path queries only need to search upward in this hierarchy.
To ensure that shortest paths cannot be missed during this upward-
only search, shortcuts are introduced. Shortcuts represent (and thus
preserve) shortest paths that would otherwise not be found by an
upward-only search.

Contraction Hierarchy Lookup. Figure 4 depicts a contraction hier-
archy lookup for our running example. Graphically, it depicts an
excerpt of the road network where nodes are arranged according
to their importance (the higher the node, the more important it is)
and do not represent the actual spatial layout of the graph. Edges
of the original graph are represented as solid arrows; shortcuts are
depicted as dashed arrows. The contraction hierarchy consists of
two subgraphs: an up-graph and a down-graph. Edges from lower-
importance nodes to higher-importance nodes belong to the up-
graph. Edges from higher-importance nodes to lower-importance
nodes belong to the down-graph. A bidirectional Dijkstra search
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Figure 4: Running Example: Search from S to D. Forward in
the up- and backwards in the down-graph, meet at node M.

from source S to destination D only searches forward in the up-
graph and backward in the down-graph. Both searches meet at an
intermediate node M, which lies on the shortest path from S to D.
To obtain the full shortest path from S to D in the original graph,
the path from S to M in the up-graph and the path from M to D in
the down-graph are combined, and the shortcuts are recursively
unpacked.

Contraction Hierarchy Construction. Building a contraction hierar-
chy that is correct and fast for lookups consists of two conceptual
steps which are interleaved in practice:

(1) Finding a node importance order that (in practice) leads to
faster lookup times due to a balanced hierarchy.

(2) Adding shortcuts such that shortest paths cannot be missed
during the upward-only search phase.

(1) is a soft challenge and is typically solved using a heuristic; (2)
must be correct such that a path search is guaranteed to �nd a
shortest path and is achieved by performing node contractions in
the order determined by (1).

Node contraction. In order to preserve shortest paths in an upward-
only search, we introduce shortcuts by performing node contractions.
The contraction is performed bottom-up from the node with the
lowest score. Whenever a node is contracted that is part of a short-
est path between two higher-level nodes, a shortcut is introduced
to preserve the shortest path information. If a shorter path (also
referred to as a witness path) exists, no shortcut is introduced. This
witness path search is performed using locally bounded Dijkstra
searches. Figure 5 depicts the build phase of a contraction hierarchy.
As before, nodes are arranged according to their importance (the
higher the node, the more important it is). The �gure depicts a
contraction of the �rst two nodes (for simpli�cation of the example,
we assume identical edge weights). First, node 1 is contracted. Since
node 1 is not part of shortest paths of higher-level nodes, no short-
cuts have to be introduced. Next, node 2 is contracted. Since it is
part of the shortest path between nodes 6 and 4, it would be missed
in an upward-only shortest path search from 6 to 4. Consequently,
we introduce a shortcut to preserve the shortest path information.
The algorithm continues until all nodes are contracted.

Node order and heuristic. Clearly, the resulting contraction hier-
archy heavily depends on the contraction order. In simple terms:
the better the node order, the faster the average lookup. An easy-
to-grasp heuristic (and a widely used one) is the so-called edge
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Figure 5: Running Example: Contraction Hierarchy. Contrac-
tion of the �rst two nodes.

3347



di�erence [17], which is de�ned as follows: For each node, the edge
di�erence is computed as the number of shortcuts that would be
introduced during its contraction minus the number of edges that
would be removed during contraction. The main idea here is that
smaller graphs are faster to query. Therefore, nodes with many
edges that only introduce few shortcuts during their contraction
should be contracted �rst. This keeps the edge count in the result-
ing contraction hierarchy low. Many heuristics are conceivable and
used in practice. We chose a combination of edge di�erence and a
hop-count metric [17].

Interleaved heuristic update and contraction. Initially, all nodes are
scored using the heuristic. The node with the lowest score is con-
tracted �rst. Since each contraction changes the graph and therefore
the heuristic, the heuristic scores change and need to be recom-
puted. To avoid recomputation of the heuristic for all nodes, only
the heuristics of neighbors of contracted nodes are recomputed
and updated. To e�ciently determine the node with the lowest
heuristic score, nodes are kept in a priority queue. To allow for
priority updates, the priority queue requires adjust-key operations.

Pairing heap for priority queue. Supporting adjust-key operations
in priority queues e�ciently is non-trivial. For binary heaps, a
main challenge is to keep track of the position of elements in the
heap so they can be found if the key is updated. Tracking elements
can be achieved by maintaining a hash table; however, whenever
elements are moved, the hash table needs to be updated, which
introduces signi�cant overhead. Fibonacci heaps natively support
decrease-key operations e�ciently with asymptotic guarantees
[16]. However, in practice they are complex to implement and have
signi�cant constant factor overheads. Pairing heaps o�er a signi�-
cantly simpler implementation [15] and are faster in practice [15].
Our experiments con�rm that pairing heaps practically outperform
binary heaps with hash-table element tracking for maintaining the
contraction order priority queue.

3 WORKLOAD MODEL AND COST-BASED
MODE SELECTION

As Nav-Index supports the (previously described) three adaptive
modes (ad-hoc Dijkstra, ad-hoc CH, table-index CH), the query
optimizer has to choose when each mode makes sense to execute.
The Nav-Index mode selection is analogous to the physical join
algorithm selection during physical optimizations (e.g. index nested
loop join, hash join, nested loop join). Similarly, the query opti-
mizer uses the schema, table cardinality estimates, and runtime
observations to choose the most suitable Nav-Index mode.

3.1 Workload De�nition.
The shortest_path(edges, src, dest) function has three arguments:
an edges relation (specifying the graph) and two node identi�ers
(src, dest). Src and dest specify a path lookup request (query) on
the graph and can be either constants or variables. Therefore, the
function can be translated into a binary operator with the input
relations E (edges) and Q (queries). We consider every tuple of Q to
be a separate SPSP query, which is executed by probing the Nav-
Index with the corresponding src and dest. We denote the number
of edges with |E|, the number of nodes with |V|, and the number

of queries |Q|. The edges relation E can be either a base table or
the result of a subquery. In case of a base-table, the schema may
contain a nav-table-index (analogous to a b-tree).
The workload is de�ned by the presence of a base table index, the
number of edges |E|, the number of queries |Q|, and the average
out degree 𝑑 (which can be calculated from |E| and |V|). For the
mode selection, the query optimizer has to determine these work-
load parameters. They are obtained from di�erent sources and are
summarized by the following table:

Input Source Known at

table index schema compile time (exact)
ˆ∣𝑄∣ ≈ ∣𝑄∣ cardinality estimates compile time (estimate)

∣𝐸∣ materialized input execution time (exact)
∣𝑉 ∣ materialized input execution time (exact)
𝑑 materialized input execution time (exact)

3.2 Cost-Based Mode Selection
To choose the most e�cient execution strategy (mode), the query
optimizer uses a cost model and graph density gate to choose the ap-
propriate mode based on the workload parameters. In pseudocode,
the mode selection can be expressed as follows:

if table_index_exists(edges)
return table-index ch

else if 𝑑 > 𝜌

return ad-hoc dijkstra

else if 𝑇chBuild(∣𝐸∣) + ˆ∣𝑄∣ ⋅𝑇chLookup(∣𝐸∣) < ˆ∣𝑄∣ ⋅𝑇dijkstra(∣𝐸∣)
return ad-hoc ch

else
return ad-hoc dijkstra

First, 𝜌 , the graph density threshold, is compared to the average out
degree 𝑑 to determine if the graph is sparse or dense. If the graph is
dense, contraction hierarchies are susceptible to introducing many
shortcuts which increases build-time and space consumption. To
avoid this, the Dijkstra mode is chosen for dense graphs (we use
𝜌 = 10). If the graph is sparse, the cost model is used to compare the
estimated cost of building a contraction hierarchy and executing
lookups against the estimated cost of executing Dijkstra searches. If
the build cost plus lookup cost for contraction hierarchies is lower
than the lookup cost for Dijkstra, then the contraction hierarchy
mode is chosen. Otherwise, Dijkstra is chosen. Based on literature
and our own experiments we estimate the cost to be:

Component Formula Constant 𝑅
2

𝑇chBuild 𝛼𝑏 ⋅ ∣𝐸∣ 𝛼𝑏 ≈ 3.94 𝜇s 0.94
𝑇dijkstra [10] 𝛼𝑑 ⋅ (∣𝑉 ∣ + ∣𝐸∣) log2 ∣𝑉 ∣ 𝛼𝑑 ≈ 0.398 ns 0.97
𝑇chLookup ≈ 0 — —

The constants are determined using road networks on the machine
used in the evaluation section. We observed in practice that the
parallel CH construction time is linear in the number of edges,
which is supported by our experiments. The Dijkstra cost estimate
is based on the theoretical time complexity of Dijkstra’s algorithm
using binary heaps. The lookup time for contraction hierarchies
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Figure 6: Cost model calibration and example: Per-graph
CH build time (top left), per-query Dijkstra execution time
(bottom left) and example ofmode selection for the Germany
road network (right, predicted vs. measured runtimes).

is assumed to be negligible compared to the CH build time and
Dijkstra’s execution time. Figure 6 depicts the measured CH build
time for road networks of di�erent sizes (top left) and the mea-
sured Dijkstra execution time per shortest path query (bottom left).
Additionally we depict the �tted cost model for both.

Running Example. The right side of Figure 6 shows the actual run-
times for the Germany road network with ∣𝑉 ∣ = 9.81𝑀 nodes,
∣𝐸∣ = 15.6𝑀 edges, average out degree 𝑑 = 1.59 for di�erent num-
bers of queries ∣𝑄∣ ∈ [50, 500]. The schema has no table-index, so
the optimizer has to choose between the ad-hoc Dijkstra and ad-hoc
CHmodes. As 𝑑 = 1.59 < 𝜌 = 10, the cost model is used to compare
the two modes. For less than 𝑄

∗
= 255 queries, the Dijkstra mode

(gray) is faster than the contraction hierarchy mode. The cost model
(thin dashed lines) slightly underestimates the actual runtimes, but
correctly predicts the point where the contraction hierarchy mode
becomes faster than Dijkstra. For more than 𝑄

∗ queries, the con-
traction hierarchy mode (blue) is faster than Dijkstra. The adaptive
mode (red) correctly chooses the faster mode.

4 DATA STRUCTURES AND
PARALLELIZATION MODEL

In order to handle large graphs e�ciently, both the index con-
struction and query processing of Nav-Index are parallelized. This
section describes the data structures used in our implementation
and the parallelization model.

4.1 Graph Representation
The graph representation is a crucial component of Nav-Index. The
memory overhead should be low while still allowing fast access
to outgoing and incoming edges. At the same time edges must
be concurrently updatable to allow an e�cient parallel construc-
tion. During construction of a contraction hierarchy two graphs
are maintained: the contraction graph which is modi�ed during
contraction, and the contraction hierarchy output graph which
stores the �nal contraction hierarchy. During the build phase nodes
are contracted iteratively until all nodes are contracted. Each con-
tracted node is removed from the contraction graph and added to
the contraction hierarchy output graph along with its shortcuts.

For the Dijkstra-only mode, the graph representation is identical
and just collects the edges provided by the input relation.

Graph. For fast navigation of edges (forward and reverse) we need
to access outgoing and incoming edges with minimal overhead.
Therefore we store edges redundantly in two hash tables: one for
outgoing and one for incoming edges. Each hash table points to an
adjacency list of edges.

Edge. Edges only store the destination node and the cost. The source
node is implicitly given by the hash table entry. In the case of con-
traction hierarchies, additional information is required. Therefore,
Nav-Index stores an optional mid node. When a shortcut is cre-
ated during contraction, the mid node stores the contracted node.
This allows recursively unpacking shortcuts during shortest path
lookups. For the priority heuristics during contraction, Nav-Index
also stores a hop count metric which allows more balanced con-
traction hierarchies [17]. For the basic Dijkstra search graph, this
information is not necessary.

Concurrency. To allow concurrent updates during contraction hi-
erarchy construction, each adjacency list is protected by a lock.
The hash tables are lock-free and thread-safe and allow concurrent
inserts. The locks on the adjacency lists are only required during
edge insertions and removals and are �ne-grained enough to allow
e�cient parallelization in practice.

4.2 Path�nders
The Path�nder component implements a bidirectional Dijkstra
search on the graph representation described above. To avoid fre-
quent allocations during shortest path searches, each thread uses
its own thread-local path�nder instance. Forward and backward
searches are encapsulated in a Dijkstra pass which maintains the
priority queue and the tentative distances and parent for each node.

While the asymptotic complexity of Dijkstra’s algorithm depends
on the asymptotic complexity of the priority queue used, in practice,
other factors dominate the runtime. So while using a pairing heap
improves performance for maintaining the contraction queue, for
shortest path searches a binary heap performs better in practice.
Therefore the overhead of maintaining more complex data struc-
tures such as pairing heaps does not pay o�. Instead of decreasing
the key in the priority queue, Nav-Index simply reinserts the node
with the new distance. When extracting the minimum from the
priority queue, nodes with outdated tentative distances are skipped.

In practice, we observed another performance bottleneck during
the frequent shortest path searches during the contraction hier-
archy construction. After each shortest path search, the tentative
distances need to be cleared. To reduce allocation or resetting over-
head, Nav-Index uses an amortized clearing approach using a gen-
eration counter. All elements inserted into the generation map are
tagged with the current generation. If an element in the hash table
is retrieved the generation of the element is compared to the gener-
ation counter of the hash table. Clearing can then be achieved by
incrementing the hash table generation. Whenever the generation
counter over�ows or the hash table size exceeds a certain threshold,
a full clear of the hash table is performed to avoid unnecessary
memory over-allocation.
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4.3 Concurrent Contraction Hierarchy
Construction

The parallel construction of contraction hierarchies is always a
trade-o� since the contraction order is sequential by design. Con-
tracting a node impacts the heuristic scores of neighboring nodes
which in turn impacts the contraction order. Therefore, a naive
parallelization by contracting multiple nodes at once can lead to
suboptimal contraction orders and thus slower query performance.

A variety of approaches exist to parallelize the contraction hier-
archy construction which are mainly based on the idea of �nding
independent nodes which can be contracted in parallel without im-
pacting the contraction order signi�cantly. This was �rst proposed
by Vetter [36].

The parallel contraction algorithm is depicted in Figure 7. The
algorithm starts by �rst initializing the global contraction queue
with all nodes and their heuristic scores. Then the following steps
are repeated until all nodes are contracted: First the set of indepen-
dent nodes (red set) is retrieved from the global contraction queue.
Then each red node is contracted in parallel. After contraction, the
heuristic scores of neighboring nodes are recomputed in parallel.
When all nodes are contracted, the contraction hierarchy output
graph is returned.
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Figure 7: Parallelization Model of Nav-Index

Independent Node Set. The general idea is that nodes which are
not direct neighbors can be contracted in parallel since their con-
tractions do not impact each other directly. Such nodes are called
independent [36]. Strictly speaking, nodes are still not really in-
dependent because an update of the heuristic scores of neighbors
of freshly contracted nodes might move them within the priority
queue. Therefore, a parallel contraction of nodes will most likely
in�uence the contraction order and is not equivalent to a sequential
contraction. However, if reasonably independent nodes are selected,
the impact on the contraction order becomes negligible. The chal-
lenge is to �nd a large set of independent nodes which can be
contracted in parallel while still honoring the contraction order
as much as possible. A very recent approach, proposed by Wan et
al. [37], can scale extremely well by selecting nodes with minimal
heuristic scores in their neighborhood. This however has conceptu-
ally multiple disadvantages: (1) A locally minimal node set does not
necessarily honor the global heuristic score order. (2) If the graph is
(or becomes) denser, it is harder to �nd independent nodes because
fewer nodes are locally minimal in their neighborhood. This e�ect
is pronounced if the heuristic scores have coarse granularity with
many ties (typically the node id is used as a tiebreaker). Vetter [36]
suggests to only consider nodes independent if they are minimal
in their k-neighborhood with k ≥ 2. While larger values of k are
more robust considering the contraction order, they lead to smaller
independent sets and therefore limit parallelism.

Sequential node selection for robustness. To parallelize the contrac-
tion hierarchy construction, the global node order has to be relaxed
to some degree. However, we want to keep the impact on the con-
traction order as small as possible and ideally bounded by design.

We propose and implemented an alternative approach which, to
the best of our knowledge, has not been described before. The intu-
ition is twofold: We iteratively expand an independent set of nodes
respecting the global score and ignore direct neighbors of nodes
already present in the set. Second, we only add nodes to the set if
we don’t need to ignore too many nodes.

Red-Blue Set. We call the set of independent nodes the red set and
the set of ignored dependent nodes the blue set. The algorithm is
described in the following pseudocode:

getRedSet(𝑃𝑄) ∶
𝑅𝑒𝑑 ← ∅, 𝐵𝑙𝑢𝑒 ← ∅
𝑙𝑖𝑚𝑖𝑡 ← ∣𝑃𝑄∣ ⋅ 𝑐𝑙 + 1
while 𝑃𝑄 ≠ ∅ ∧ 𝑙𝑖𝑚𝑖𝑡 > 0 ∧ ∣𝑅𝑒𝑑∣ ⋅ 𝑐𝑟 ≥ ∣𝐵𝑙𝑢𝑒∣ do
𝑣 ← deleteMin(𝑃𝑄)
if (𝑛𝑒𝑖𝑔ℎ𝑏𝑜𝑟𝑠(𝑣) ∩ 𝑅𝑒𝑑 = ∅) then
𝑅𝑒𝑑 ← 𝑅𝑒𝑑 ∪ {𝑣}

else
𝐵𝑙𝑢𝑒 ← 𝐵𝑙𝑢𝑒 ∪ {𝑣}

𝑙𝑖𝑚𝑖𝑡 ← 𝑙𝑖𝑚𝑖𝑡 − 1
return 𝑅𝑒𝑑

The algorithm iteratively retrieves nodes from the global priority
queue 𝑃𝑄 which is ordered by the global heuristic score as shown
in Figure 8. If the retrieved node is not a neighbor of any red node
it is added to the red set. Otherwise it is added to the blue set. The
algorithm stops if the size of the blue set exceeds the size of the red
set by a constant factor. Additionally, we also limit the maximum
number of processed nodes to a constant factor of the number of
remaining nodes in the contraction graph to avoid too large parallel
contraction steps which would also violate the contraction order.
This algorithm guarantees by design that both the ratio of ignored
nodes and the ratio of processed nodes is bounded. The constants 𝑐𝑙
and 𝑐𝑟 can be used to tune the aggressiveness of the parallelization.
Higher values lead to larger red sets and therefore more parallelism
but also have a higher impact on the contraction order. In practice,
we found that values of 𝑐𝑙 = 0.25 and 𝑐𝑟 = 1.8 work well.

As an intuition we can use the metaphor of a gold mine. In this
metaphor the red nodes are gold and blue nodes are rock. We are
looking for gold as long as we are �nding more of it than rock.
The advantages of this approach are that (1) it retrieves a globally
minimal independent node set and (2) it stops doing so if �nding
more independent nodes would change the order signi�cantly.
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Figure 8: Running Example: Red-Blue selection of low-score
independent nodes (red set) and dependent nodes (blue set).
Red nodes can be contracted in parallel
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A drawback of this approach is that this algorithm is inherently
sequential and requires a global priority queue. As shown in the
evaluation, the impact of this single-threaded step is a downside
at high core counts. However, we found that the approach is more
robust and limits the deviation from a pure sequential order by
design and therefore appealing for a general-purpose DBMS.

Parallel Contraction. After retrieving the red set of independent
nodes, each node in the set can be contracted in parallel. Each thread
picks a morsel consisting of several red set nodes and contracts it
using its own path�nder instance (for the witness path search). The
contraction itself requires multiple updates to the global graph rep-
resentation. It should be noted that, for correctness, updates to the
graph must be deferred until all independent nodes are contracted
[36]. Since the graph representation is thread-safe, multiple threads
can safely update the graph concurrently. Due to the �ne-grained
locking on the adjacency lists, contention is low in practice and we
observe excellent scalability for the parallel contraction step.

Parallel Heuristic Computation. The most time-consuming step in
the construction of the contraction hierarchy is the repeated heuris-
tic computation. The heuristic score needs to be computed for all
nodes initially and is repeated for neighbors of contracted nodes.
Since the heuristic computation is a read-only operation on the
graph it can easily be parallelized as long as the priority queue in-
serts/updates are synchronized. Nav-Index parallelizes the heuristic
computation by assigning each thread morsels of nodes for which it
computes the heuristic scores. After computing the heuristic scores
for its morsel, each thread updates the global contraction queue.
At high core counts the contention on the contraction queue could
become a bottleneck. We mitigate this e�ect by maintaining thread-
local pairing heaps. The global priority queue consists of a binary
heap containing the minimum element of each local queue. Thus
the global contraction queue can be viewed as a binary heap of pair-
ing heaps. During heuristic updates, threads can update heuristic
scores in local queues of other threads without locking the global
queue. The local locks are �ne-grained enough to avoid contention.

5 EVALUATION
In this section, we evaluate the performance of Nav-Index in Umbra
on shortest path queries using real-world datasets. While we mainly
focus on road networks due to their scale and complexity, we also
evaluate Nav-Index on the Twitter Social Circles Dataset [23]. We
analyze the impact of graph size, scalability regarding parallelism
and compare our implementation with other established systems
and the routing library OSRM [24].

5.1 Road Networks
As motivated in the Introduction, shortest path queries in road
networks are a use case of daily life and at the same time di�cult
to solve e�ciently in RDBMS. Compared to social network graphs,
road networks produce long paths due to their high diameter2 and
sparse connectivity. Classic BFS or bidirectional Dijkstra searches
tend to explore large parts of the graph. This makes road networks
an interesting use case for contraction hierarchies and Nav-Index.

2The diameter is the longest shortest path between any two nodes in the graph.

For our benchmark, we use real-world road network datasets from
OpenStreetMap (OSM)3 for di�erent regions of increasing size,
from a small city map to the planet-wide road network. We convert
the datasets into an expanded graph, where each road segment is
represented as a node and each intersection turn is represented
as a directed edge. This way of modeling allows for incorporating
turn restrictions and turn costs into the graph, which is required
for real-world navigation. For some related work, turn costs are
ignored and edges represent road segments; in many cases, it is
unfortunately not speci�ed. However, the expansion of the graph
changes the graph topology and increases the number of edges.

5.2 Hardware and Software Setup
All experiments (if not speci�ed separately) are conducted on an
AMD Ryzen 9 5950X 16-Core Processor with 32 hardware threads
and 64 GB RAM running Ubuntu 25.04. To report end-to-end num-
bers (on unseen data), the measurements of Umbra report the end-
to-end time including database startup, data loading from CSV,
index creation, query execution, result reporting, and teardown.
For the runtimes in table-index mode, the database is started and a
graph table with a table-index is created before the measurements.

5.3 Nav-Index CH - Graph Size
Real-world road networks can vary signi�cantly in size, ranging
from small city maps to continent-wide networks. To compare the
performance of Nav-Index on di�erent graph sizes, we measured
the end-to-end build time for Bremen, Saarland,Oberbayern, Switzer-
land, Spain, Germany, DACH 4, Europe and Earth5. The following
table shows graph sizes for several regions:

Region Edges Nodes Build Time

Bremen 53 211 33 894 1.0 s
Saarland 163 766 105 143 1.2 s
Oberbayern 827 682 516 569 3.6 s
Switzerland 1 550 507 1 008 060 5.4 s
Spain 10 719 292 6 212 963 44.8 s
Germany 15 631 438 9 811 877 79.5 s
DACH 19 399 503 12 247 256 99.0 s
Europe5 146 598 088 87 007 242 691.4 s
Earth5 756 666 368 412 031 092 4 021.1 s

Memory-Overhead of Contraction Hierarchies. During the contrac-
tion hierarchy construction, shortcuts are added to the graph. For
the road networks, the number of shortcuts is between 55% and
65% of the �nal number of edges. The impact on memory usage,
however, is far smaller, because edges in the contracted graph only
have to be stored either forward or backward, not both. Thus they
do not have to be duplicated compared to the graph representa-
tion for bidirectional Dijkstra. For Germany, the number of edges
increases from 15.6M to 40.4M (increase by 2.58×, 61% shortcuts).
However, the memory usage only increases from 1.0 GB to 1.29 GB.
3Data is obtained from Geofabrik [18] and converted into an expanded graph. Included
road types are: motorway, primary, primary_link, road, secondary, secondary_link,
residential, tertiary, tertiary_link, unclassi�ed, trunk, trunk_link, motorway_link.
4DACH is an abbreviation for Germany, Austria and Switzerland
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Figure 9: Contraction-Hierarchy Construction Time vs. Graph Size for Di�erent Regions from Bremen to Earth

Figure 9 shows the construction time of the optimized Nav-Index
(CH) depending on the graph size.5 It can be observed that the con-
struction time increases almost linearly with the graph size. This
can be explained by the fact that signi�cant parts of the graphs are
relatively independent. Only in the �nal iterations of the contrac-
tion hierarchy construction global dependencies arise with a large
number of shortcut additions. However, since most nodes of the
graph can be contracted independently, these global dependencies
do not dominate the total runtime. This independence property is
an emergent result of the heuristics and not explicitly modeled.

Comparison to routing engines. To compare our implementation
of Nav-Index to a dedicated routing engine, we evaluate the Open
Source Routing Machine (OSRM) [24], which provides a parallel
contraction hierarchy implementation for road networks and im-
plements the independent node set approach by Vetter [36]. Addi-
tionally, we report the runtimes for RoutingKit [11] (a well-known
single threaded baseline). OSRM operates on an edge-expanded
graph internally, derived from OpenStreetMap data. As OSRM pre-
processes and generates the edge-expanded graph with di�erent
�lters, we export the OSRM expanded graph and import it into
Umbra and RoutingKit for a fair comparison. We then measure
the build time with 32 threads (Umbra and OSRM) for the con-
traction hierarchy and the number of shortcuts (%SC, Umbra and
RoutingKit). OSRM does not expose this through its CLI.

OSRM RoutingKit Umbra

Dataset Edges Build Build %SC Build %SC

Bremen 195 k 4 s 2 s 58 % 1 s 55 %
Saarland 398 k 6 s 4 s 59 % 2 s 55 %
Oberbayern 2 552 k 40 s 37 s 59 % 6 s 56 %
Switzerland 4 208 k 43 s 57 s 58 % 9 s 54 %
Spain 13 974 k 163 s 375 s 62 % 55 s 60 %
Germany 41 395 k 531 s 837 s 60 % 119 s 56 %

RoutingKit is faster than OSRM for small graphs but slower for
larger graphs due to its single-threaded implementation. Umbra
however, always outperforms RoutingKit and OSRM due to its low
overhead and e�cient parallelization. The number of shortcuts is
comparable between the implementations.
5Experiments for Europe and Earth were carried out on a single NUMA node of a larger
machine (AMD EPYC 7713 64-Core, 500 GB memory) due to memory constraints.

Comparison to pgRouting CH. The Postgres extension pgRouting
o�ers an experimental function for contraction hierarchies [32].
As shown in Figure 9, pgRouting was able to build a contraction
hierarchy for the smallest dataset (Bremen) within 47 seconds. For
larger datasets pgRouting ran out of memory (given 64 GB). Clearly,
the current implementation of contraction hierarchies in pgRouting
is not yet suitable for practical use on large road networks.

5.4 Ablation Study
To gain insights on the di�erent optimizations, we performed an
ablation study of the di�erent design and implementation decisions.
Figure 10 shows the cumulative ablation of the optimizations for the
contraction hierarchy construction. The baseline is a naive single
threaded contraction hierarchy implementation within Umbra that
contracts node by node, updating the priority of all neighbors after
each contraction.

0 5 10 15 20 25 30 35 40 45 50
Speedup vs. Baseline (×)

Naive Baseline (1 thread)

+ Red-Blue Queue (1 thread)

+ Multi-Threaded

+ Pairing Heap

+ Generation Map

1.0× (3,004 s)

1.6× (1,860 s)

28.3× (106 s)

37.1× (81 s)

38.1× (79 s)

Figure 10: Cumulative ablation of CH build optimizations.

The �rst optimization is the use of the proposed red-blue queue
to �nd independent nodes that can be contracted batchwise. This
already helps due to the reduced number of priority updates (e.g.
common neighbors of independent nodes) and improves the run-
time by a factor of 1.6. The largest speedup of 13.75× is achieved by
parallelizing the contraction of independent nodes and the priority
updates. Next, the use of pairing heaps instead of binary heaps for
the priority queue helps and yields another 1.33× speedup. Finally,
the generation map optimization described in Section 4 leads to a
further speedup of 1.04×. Overall, the optimized parallel contrac-
tion hierarchy construction is 30.5× faster than the single-threaded
baseline implementation.

Parallelization. To further evaluate the scalability of our implemen-
tation, we measure the CH build time on the OSM Germany dataset
while varying the number of threads. Figure 12 plots the speedup
depending on the number of cores for the road graph of Germany.
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Speedup over single-threaded execution.

The build time improves signi�cantly with an increasing number
of threads, demonstrating the e�ectiveness of our parallelization
approach. For 32 threads (including hyperthreading), we achieve
a speedup of 14.6× compared to single-threaded execution. The
numeric di�erence to the speedup in the ablation study is due to
all optimizations being applied. The increase in speedup from 16 to
32 threads can mainly be attributed to cache misses caused by the
graph-traversal access pattern being hidden by hyperthreading.

5.5 Planet Scale CH Construction Analysis
To gain more insights into the performance of the parallel contrac-
tion hierarchy construction, we perform a detailed analysis of the
build phase for the Earth dataset on an AMD EPYC 7713 64-core
machine with 128 threads, as shown in Figure 11. The �gure shows
the time spent in each iteration of the CH build phase.

During the �rst iterations, most of the time is spent in the single-
threaded selection phase (red) of the red set due to the large number
of independent nodes found at the beginning. Due to the heuristics,
nodes with few neighbors are likely to be contracted �rst, which
also accelerates the parallel phases. In later iterations, the average
degree of nodes increases due to shortcut additions and the order
determined by the heuristics. Additionally, shortcuts which span
longer distances in the original graph are introduced in later itera-
tions, leading to more time-consuming witness path searches. This
leads to an increase in time spent in the parallel contraction phase
(blue) in later iterations. However, the number of remaining nodes
decreases rapidly, leading to a decrease in iteration time.

While in the �rst iterations the single-threaded red set selection
is a bottleneck in the parallel contraction hierarchy construction,
we chose this approach due to its robustness by design (regarding
the contraction order) and sacri�ced the scalability that could be
achieved using the approach by Wan et al. [37].

5.6 Comparison with Other Systems
For a comprehensive evaluation, we compare our implementation to
several established graph and relational database systems (support-
ing shortest path queries). The systems are Neo4j [25], DBMS-X,
pgRouting [31], Kuzu [14], and DuckDB PGQ [33, 38]. For each
system, we measure the total time taken to compute the running
example query Q2 on the OSM Oberbayern dataset. The SQL query
executes 1 000 random (but �xed) shortest path queries (for each
tuple in the trips relation). All edge weights are set to 1 for com-
patibility with DuckDB. Since the interfaces of the systems di�er
signi�cantly, we describe the setup for each system in the following
paragraphs.

Neo4j. For the performance evaluation in Neo4j (version 2025.10.1),
we use the built-in shortest path functionality exposed via their
Cypher query language. To accelerate shortest path searches for
a set of queries, we use the Dijkstra implementation from their
Graph Data Science library to compute the shortest paths. Since
Neo4j exposes a Dijkstra streaming implementation, we can execute
multiple shortest path queries in bulk. (Neo4j is running and data
is preloaded).

DBMS-X. For the performance evaluation in DBMS-X, we use the
built-in shortest path functionality. The interface allows specifying
a set of source and destination nodes for which all shortest paths
are computed. We use one source and n destination nodes for our
evaluation. In theory, it would be possible to optimize this query us-
ing a single-source shortest path search. However, DBMS-X seems
to execute individual shortest path queries for each destination
node, which would be required for a SPSP scenario.

pgRouting. PgRouting, an extension for PostgreSQL, provides rout-
ing functionality for geospatial data. For our evaluation, we use the
bidirectional Dijkstra implementation. The syntax is very close to
our SQL syntax for shortest path queries. The edges are provided
via a subquery, while the source and destination nodes are provided
via another subquery. Since April 2025, pgRouting also supports the
creation of contraction hierarchies. The build phase is evaluated in
Subsection 5.3. However, the shortest path search does not support
contraction hierarchies yet [32]. Therefore, we only evaluate the
bidirectional Dijkstra implementation (pgRouting is running on
version 15-3.5-3.8 and data is preloaded).

Figure 11: Detailed analysis of CH-index construction time for the Earth dataset. First 165 iterations shown. Red areas indicate
the time spent in the red set selection phase. Blue areas indicate the time spent in parallel contraction and priority heuristics.
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DuckDB PGQ. For the performance evaluation in DuckDB PGQ, we
use the built-in shortest path functionality exposed via their PGQ
(version 1.4.1) extension [34]. Since DuckDB PGQ does not seem
to support decorrelation of shortest path source and destination
nodes yet, we use the same destination node for all shortest path
queries and provide multiple source nodes. Our experiments show
that DuckDB PGQ executes a multi-source BFS search for all nodes
and does not leverage bidirectional- or reverse single-source search
optimizations. This allows an imperfect but comparable evaluation
to other systems using multiple (src, dest) pairs. Ten Wolde’s thesis
[34] provides more details on the implementation of shortest path
queries in DuckDB PGQ and also evaluates a Bellman-Ford imple-
mentation which would allow weighted path searches. However,
Ten Wolde states a signi�cant performance disadvantage compared
to BFS for unweighted searches. Therefore, we only evaluate the
BFS implementation here.

Kuzu. For the performance evaluation in Kuzu (version 0.11.3), we
use the built-in shortest path functionality exposed via their Cypher-
like query language. Kuzu does not support bulk execution of single-
pair shortest path queries, so we execute individual shortest path
queries for each src, dest pair with multiple threads and measure
the total time. While bulk execution of shortest path queries can be
expressed in Kuzu using �lters on the query, the execution engine
cannot optimize that case: it executes an all-pairs shortest-path
algorithm and �lters the results, and thus does not terminate. We do
not include the VLDB 2025 Kuzu version [8] here, as it over�ows for
paths longer than 255 hops and these paths cannot be reconstructed.

Umbra. For the performance evaluation in Umbra, we use our Nav-
Index implementation as described in this paper. We are using Q2
from our running example. For the table-index mode, we �rst create
and load data into a table and execute the following SQL statement:

create index on edges using nav(src, dest, cost);

Afterwards, the same Q2 query is executed. Umbra’s query opti-
mizer automatically selects the table index for execution.

Results. Figure 13 shows the throughput in queries per second for
1 000 randomly chosen shortest path queries on the OSM Oberbay-
ern dataset (827 682 edges). The average hop count of paths found
is 273. It can be observed that the table index mode outperforms
the other modes of Nav-Index and other systems by more than two
orders of magnitude. This is expected as the precomputed table
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Figure 13: Throughput in queries per second for 1000 shortest
path queries on OSM Oberbayern dataset

index (build time 3.6 seconds) allows for fast shortest path queries
(sub millisecond, depending on the actual path). The adaptive mode
builds a contraction hierarchy on-the-�y and performs the queries
leveraging the CH graph. Increasing the number of queries could
amortize the build time of the contraction hierarchy even better
such that the adaptive throughput would approach the table index
throughput. The forced Dijkstra-only mode performs worse than
the adaptive mode due to its algorithmic disadvantages.

If we increase the number of queries |Q|, the adaptive mode out-
performs the Dijkstra-only mode, bene�ting from the contraction
hierarchy acceleration. However, the table-index lookups play in a
di�erent complexity class: 2 000 queries on the Umbra Nav-Table-
Index take 39ms. Consequently, for analytical workloads withmany
shortest path queries on road networks, Nav-Index adaptive and
table-index are the only approaches capable of delivering interac-
tive query performance. This demonstrates the signi�cance of data
structures and algorithms for single-pair shortest path queries in
RDBMS. For single pairs, the only e�cient option is to drastically
reduce the search space as intermediate results cannot be reused for
multiple destination nodes (compared to single-source Dijkstra or
BFS). These SPSP optimizations are still missing frommany modern
GraphDBMS, only pgRouting targets them speci�cally, which is
clearly visible in the performance results.

5.7 Twitter Social Circles Dataset
To evaluate the performance of Nav-Index on social network graphs,
we use the (combined) Twitter Social Circles Dataset [23], which
contains 81 306 nodes and 2 420 766 unweighted (weight = 1) di-
rected edges. We measure the total time taken to compute randomly
chosen shortest path queries on this dataset using the same sys-
tems as in Section 5.6. Compared to road networks, social network
graphs typically have a lower diameter and higher connectivity,
resulting in shorter paths with fewer hops. For this Twitter dataset,
the average shortest path length is 4.5 hops and the diameter is 7.

System Time

Nav-Index Table Index 34 ms
Nav-Index Adaptive (optimizer chooses Dijkstra) 3 557 ms
Kuzu 6 220 ms
pgRouting 8 986 ms
DBMS-X 13 422 ms
DuckDB PGQ 18 330 ms
Neo4j 20 043 ms

Clearly, Nav-Index in Umbra outperforms all other systems sig-
ni�cantly. Again, the table-index mode outperforms both other
Nav-Index modes by a factor of 105. In adaptive mode, Nav-Index
considers building an ad-hoc table index but notices the increased
density (higher average degree) of the graph during execution and
avoids building a contraction hierarchy. Instead, it employs the
Dijkstra-only search, such that both modes achieve identical perfor-
mance. In our experiments, the CH table index takes 204 seconds
to build, which cannot be amortized for an ad hoc index but can
still speed up analytical workloads (especially for interactive data
exploration) signi�cantly.
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6 RELATEDWORK
We categorize related work into two groups: existing algorithms
and index structures for shortest path computations, and existing
database systems supporting shortest path queries.

Algorithms and Index Structures for Shortest Path Computations. Due
to its importance in computer science, shortest path computation
has been extensively researched, yielding numerous algorithms
and indexing approaches. A comprehensive survey is given by
Bast et al. [3]. Classical algorithms for shortest path search include
Dijkstra’s algorithm [12] and A* [19]. While Dijkstra’s algorithm
is the classical generic approach for shortest path search, A* is a
heuristic-guided approach that requires domain-speci�c knowledge
to de�ne a suitable heuristic function, going beyond the graph’s
weighted edges. Dijkstra’s algorithm can be further improved using
bidirectional search [3] or combining it with Bellman-Ford [5, 13].
However, both algorithms still require exploring a large portion of
the graph for long-distance queries. If the graph is static for multiple
queries, index structures can speed up shortest path computations.
Contraction hierarchies, introduced by Geisberger et al. [17], are
one of the central index structures for shortest path computations
in road networks. Other techniques include hub labeling [1, 9] and
Transit Node Routing [4], which typically use or extend contraction
hierarchies to improve performance. Customizable contraction hi-
erarchies [11] support dynamic edge weights through an additional
customization phase but are more susceptible to graphs that incor-
porate turn restrictions and turn costs [7, 21]. Although contraction
hierarchies were originally designed with road networks in mind,
our evaluation shows that they can also be e�ectively applied to
other graphs such as social networks. Nav-Index combines the gen-
erality of Dijkstra’s algorithm with the performance of contraction
hierarchies in an adaptive index structure suitable for shortest path
queries in RDBMS. Compared to standalone implementations of
shortest path algorithms, our Nav-Index implementation in Umbra
is tightly integrated into relational algebra and can be optimized
and executed alongside other relational operations. This allows
Nav-Index to achieve performance comparable to dedicated rout-
ing engines while providing the versatility of a declarative SQL
interface with interleaved relational and graph operations.

Database Systems Supporting Shortest Path �eries. Two of the
most prominent graph database systems supporting shortest path
queries are Neo4j [25] and TigerGraph [35]. Both systems o�er
query languages to express graph queries, including shortest path
queries. Both systems implement specialized operators for short-
est path computations using Dijkstra’s algorithm [12] or A* [19].
Among relational DBMS, pgRouting [31] is an extension for the
relational database system PostgreSQL to support geospatial and
routing queries. It implements various shortest path algorithms,
such as Dijkstra, A*, and Bellman-Ford. However, pgRouting does
not integrate shortest paths tightly into relational algebra. Instead,
relations for the graph and queries are passed as query strings to
pgRouting functions. Recently, a �rst experimental implementation
of contraction hierarchies was added to pgRouting [32], highlight-
ing that such an implementation is desirable. However, their current
CH implementation is still very limited in its functionality. For ex-
ample, it cannot leverage contraction hierarchies in its shortest

path functions (yet), and our tests show that it is not capable of han-
dling large graphs (e.g., Saarland, a small German state, is already
too large). DuckDB [33] added support for SQL/PGQ [38], which
includes shortest path queries. DuckDB PGQ currently supports
weighted and unweighted shortest path queries with signi�cant
performance advantages for unweighted Breadth-�rst search (BFS)
[34]. Still, even with BFS, the performance is still limited on large
graphs as shown in our evaluation. Kuzu [8, 14] similarly accelerates
shortest paths through parallel BFS-style traversal. Like DuckDB,
it is optimized for single/multi-source exploration rather than the
single-pair queries Nav-Index targets, which is re�ected in our
evaluation. Compared to existing systems, Umbra with Nav-Index
combines the versatility of RDBMS with the performance of con-
traction hierarchies. The adaptivity of Nav-Index allows Umbra to
bridge the gap between the generality of Dijkstra searches and the
performance of contraction hierarchies on sparse graphs. The tight
integration into relational algebra allows even correlated shortest
path queries and mixed relational and graph operations.

7 CONCLUSION
Nav-Index is an adaptive index structure to e�ciently support short-
est path queries in relational database management systems, with
three modes of operation: a generic mode using a bidirectional
version of Dijkstra’s algorithm for general directed graphs with
non-negative edge weights, an optimized ad-hoc mode leveraging
contraction hierarchies for sparse graphs such as road networks,
and a table index mode also leveraging contraction hierarchies for
static graphs. We implemented Nav-Index in Umbra and evalu-
ated it using real-world road networks and social networks. Our
results show that Nav-Index signi�cantly outperforms existing im-
plementations in both relational and graph database systems on
both single shortest path queries as well as analytical workloads
involving many shortest path queries. The implementation of Nav-
Index scales to large graphs with hundreds of millions of edges and
parallelizes well on high core counts. A Nav-Table-Index on the
whole planet with over 756 million edges can be constructed in 1h
8m and answers shortest path queries in a few milliseconds. The
road network of Europe with 146 million edges can be indexed in
under 12 minutes and could therefore be rebuilt frequently to sup-
port live tra�c updates. To the best of our knowledge, Nav-Index
is the �rst implementation of contraction hierarchies in a general-
purpose RDBMS that is able to scale to such large graphs and
e�ciently support shortest path queries, bridging the gap between
specialized shortest path algorithms and general-purpose relational
database systems. The integration on the relational algebra level
allows Nav-Index to leverage existing optimizations such as cost-
based optimization, parallel execution, pipelining, code generation,
and allows shortest path queries to be seamlessly integrated into
larger analytical workloads. Future work may leverage Nav-Index
for new applications and analytics in logistics, transportation, and
social networks. Future research may also further optimize single-
source or multi-source scenarios. In-Umbra experiments showed
that optimizing for MSSP and SSSP can accelerate the search further
by 1.2× to 1.5× if source or destination nodes recur or are constant.
These optimizations are however orthogonal to Nav-Index’s design
and can bene�t from related work and be explored in future work.
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