
Motivation:
• In many applications (e.g., games), queries are not uniform.
• Some map regions are queried far more frequently.
• Standard EHL/EHL* treats all regions equally.

Core Idea:
Exploit known or predicted query distributions to:
• Keep hot regions small.
• Merge cold regions aggressively.
• Achieve better runtime at the same memory budget.
.

Region Selection
For a region 𝑒, merge with adjacent 
region 𝑟that maximizes:

∣ 𝐻 𝑟 ∩ 𝐻 𝑒 ∣
∣ 𝐻 𝑟 ∪ 𝐻 𝑒 ∣

where 𝐻 𝑥 is the hub set of region 𝑥
→ Maximizes label sharing, minimizes 
added labels
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Problem (ESPP):
We need optimal obstacle-avoiding shortest paths in a Euclidean plane with polygonal 
obstacles for large-scale applications (games, robotics, indoor navigation).

Why existing SOTA is limited:
Euclidean Hub Labeling (EHL) delivers ultra-fast queries but requires very large memory (up to 
tens of GB), and its memory footprint is only known after construction, which is painful for 
memory-constrained devices.

Our contribution : 
EHL* is the first memory-budgeted Euclidean Hub Labeling method with provable memory–
runtime trade-offs. It supports workload-aware compression, achieving 10–20× memory 
reduction while maintaining near-EHL query performance in practice.

Problem and Motivation

Experimental Results

Motivation:
• Neighboring grid cells often store highly overlapping hub labels.
• Storing duplicate labels across cells wastes memory.
• Merging carefully chosen cells can dramatically reduce memory.
      with minimal runtime impact.

Euclidean Hub Labeling Star (EHL*)

Workload-Aware EHL*

Offline Preprocessing:
1. A visibility graph is constructed on the convex vertices. Hub labels are computed on this 
visibility. (See the left figure below)
2. We superimpose a uniform grid covering the whole map. For each grid cell, we store a list 
called its visibility list, which consists of every convex vertex such that at least some part of the 
grid is visible from it.
3. For each cell, we create its labels called via labels using its visibility list.
4. We sort the hub nodes according to the hub node ID to efficiently join the hub labels of two 
different cells in online query phase. (See the right figure below)

Euclidean Hub Labeling (EHL)

Figure 1: Memory–runtime tradeoff for EHL and EHL*

Figure 5: Distribution of merged grids for the arena 
map for different cluster scenarios at 5% memory. 
The red rectangles indicate cluster regions on the 
arena map, while black polygons represent obstacles.

Figure 2: The visibility graph and the corresponding 
hub labelling for the figure on the right.

Table 1: Memory, build time and runtime comparison between EHL* and the competitors for different scenarios.

Online Query Processing:
1. The via-distance for each hub node in both start and target cell is computed. The aim of via-
distance is to find the via-label with the minimum distance.
2. The shortest distance computation is calculated by using the common hub nodes in the start 
and target cell. The distance with the minimum cost is then returned as the shortest distance 
between a start and target.

Figure 3: In the Euclidean Plane with polygonal obstacles, we show 
EHL constructed using hub labelling from the left figure..

Core Idea:
EHL* introduces a compression phase that:
• Iteratively merges adjacent grid cells into 

arbitrary-shaped regions.
• Maximizes label sharing.
• Stops automatically when memory usage 

falls below budget 𝐵.

Region Selection:
For a region 𝑒, merge with adjacent region 𝑟 
that maximizes:

∣ 𝐻 𝑟 ∩ 𝐻 𝑒 ∣
∣ 𝐻 𝑟 ∪ 𝐻 𝑒 ∣

where 𝐻 𝑥  is the hub set of region 𝑥
→ Maximizes label sharing, minimizes added 
labels.

Workload Scoring:
Each cell 𝑐 is assigned:

𝑠 𝑐 = 1 + 𝑤!
where 𝑤!is the expected number of queries in 𝑐
→ Higher score = less likely to merge.

Region Selection:
When merging region 𝑒, choose adjacent region 𝑟 
maximizing:

1 − 𝛼
∣ 𝐻 𝑟 ∩ 𝐻 𝑒 ∣
∣ 𝐻 𝑟 ∪ 𝐻 𝑒 ∣

+ 𝛼
1
𝑠 𝑟

First term: label similarity.
Second term: low workload preference.

.

Figure 4: Grid cell cs with its adjacent neighbors. Via-labels for cs 
after merging c3 into it. Newly, inserted labels are shown in red.

Memory–Runtime Trade-off:
• EHL* enables explicit memory budgeting.
• Achieves 10–20× memory reduction vs. EHL.
• Maintains near-EHL query performance down to 20–40% memory.
• At 5–10% memory, runtime increases modestly.

Workload-Aware Benefits:
With known query distributions: 
• Memory reduced to 5% with minimal runtime impact.
• Fine-grained regions preserved in high-query areas.
• Compression concentrated in low-query areas.

Theoretical Contributions
Memory Reduction Model:
• Let: 𝑁: number of grid cells. 𝐻: average labels per cell in EHL. 𝜃: average Jaccard similarity 

between merged regions. EHL memory: 𝑀 = 𝐻𝑁.
• After 𝑖 merge rounds: 𝑀" =

#$

%&'()!

• To achieve budget 𝐵 = 𝑏𝑀: 𝑖 = *+, &/.
*+, &'(

• Memory decreases exponentially with merge depth, governed by label overlap.

Query-Time Complexity Bound:
• EHL query complexity: 𝑂 𝐻 .

• EHL* query complexity after 𝑖merges: 𝑂 /!#

%&'()!
.

• Query slowdown is provably bounded and grows smoothly as memory is reduced.

Index Construction Overhead:
• Compression performs 𝑂 𝑁 merges.

• Cost of merging two level-𝑖 regions: 𝑂 2"// + /!#

%&'()!
.

• Total compression cost: 𝑂 𝑁 2"// + /!#

%&'()!
+ log𝑁 .

• Index construction remains polynomial and predictable, even for small budgets.


