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Motivation

Real graphs are large & sparse: we want them in RAM for algorithms that need 
random access.

Even without RAM pressure, layout ⇒ cache locality ⇒ speed.

Goal: one representation that’s compact and supports fast traversal/queries; also 
a dynamic variant for updates



Separators

Edge separator: a set of edges whose removal splits the graph into two balanced 
parts

Vertex separator: a set of vertices whose removal splits the graph into two 
balanced parts

Minimum Separator: the separator that minimizes the number of edges/vertices 
removed



Why real graphs have good separators

Community structure (web/social/citation): lots of local links ⇒ good recursive cuts

Low‑dimensional embeddings (meshes, maps, circuits): known separator 
theorems



Separator Trees

- Each node contains a subgraph and a separator for that subgraph
- The children of a node contain the two components of the graph induced 

by the separator
- Priority Metric: w(E_AB) / s(A) s(B)
- Child Flipping Optimization: decide which subgraph should be the left or 

right child



Compression Algorithm

1. Generate an edge separator tree 

for the graph

2. Label the vertices in-order 

across leaves

3. Use an adjacency table to 

represent the relabeled graph



Why this works?

Previous work:
For graphs satisfying an n^c (c<1) separator theorem and using the separator‑tree 
labeling, the adjacency table for any n-vertex member uses O(n) bits, per‑edge 
neighbor access is O(1)

Idea:

- Separator tree gives short ranges for most edges.
- Sum of encoded gaps over all lists is dominated by edges crossing small 

separators at each level.
- Geometric decrease in subproblem size ⇒ linear total bits.



Gamma Codes

Store an integer d: by using a unary code for ceil(log d) + binary code for d - 
2^ceil(log d) = 1 + 2ceil(log d) bits



K-bit codes

Encode values in chunks of k-bits

Use k-1 bits for data, and 1 bit as the continue bit

Snip, nibble, and byte versions are used



Adjacency Table

For every vertex v, neighbours are sorted into v_1, v_2, …

The associated neighbour list is represented by v_1 - v, v_2 - v_1, …

Metadata:

Sign bit stored in the first entry to deal with negative differences

Start of the list stores the number of entries

These adjacency lists are concatenated to form an adjacency table



Indexing Structure

Each vertex needs a pointer to the start of its adjacency list in the encoded bitstream.

The design balances lookup speed and space efficiency.

Semi-Direct-16 groups 16 consecutive vertices and stores their start offsets in five 32-bit 
words:

- Word 1: absolute start offset of vertex 0.
- Word 2: three 10-bit deltas from vertex 0 to vertices 4, 8, and 12.
- Words 3 – 5: twelve 8-bit deltas from those reference vertices to the remaining 

vertices in the group.

This layout cuts index storage by ≈ 6 bits per vertex with negligible impact on lookup 
time.



Dynamic Representation

Supports incremental insertion and deletion of edges.

Because a vertex’s degree can change, its adjacency data must be stored in dynamically allocated 
memory.

Uses fixed-size memory blocks to simplify allocation and reuse:

- Initially, each vertex owns one block from a pre-allocated array.
- When a block fills, the vertex acquires additional blocks from a shared pool of spare memory blocks.

Blocks belonging to the same vertex are linked together:

- Each block stores an 8-bit nonce i.
- The address of the next block is computed as hash(current_address, i).

To preserve spatial locality, a separate contiguous memory pool is reserved for every 1024 vertices in the 
graph.



Caching

Repeatedly encoding and decoding neighbor lists is expensive.

When a vertex is accessed, its decoded neighbors are stored in a small 
LRU-based cache.

Subsequent queries to the same vertex can reuse this uncompressed data 
directly.

If a cached vertex is modified and later evicted, its updated neighbor list is 
re-encoded and written back to the main structure in compressed form.



Machine Setup

Two machines, each with 32-bit processors.

A .7GHz Pentium III processor with .1Ghz bus and 1GB of ram (cache line 32 
bytes).

2.4Ghz, Pentium 4, with 4 processors, .8GHz bus, and 1GB of ram (cache line 
128 bytes). Supports quad vectorization, and hardware prefetching.

Good at contiguous memory accesses



Experiments

Evaluates performance on depth-first search (DFS) while varying edge insertion 
order.

DFS explores vertices in a non-trivial, data-dependent order.

A simple character array tracks whether each vertex has been visited.

Three edge-insertion strategies are tested:

- Linear: insert all out-edges of vertex 0, then vertex 1, and so on.
- Transpose: insert all in-edges of vertex 0, then vertex 1, etc.
- Random: insert edges in a fully random order.



Static Results

3-4× smaller than arrays (Byte ~12.5 vs Array ~38 b/edge).

Byte is the fastest compressed format; Nibble/Snip trade speed for space.

Ordering drives time for arrays (up to 8× swing); compressed is more stable.



Dynamic Results

Space‑opt: ~11.6 b/edge (vs lists ~76.4); Time‑opt: ~18.8.

Often faster than lists for DFS, insert is slower.

Insertion/label order can change list performance by 7-11×, dynamic is insensitive.

Block size: larger = faster, smaller = tighter space (pick by average degree).



CPU Performance

P4: Array(Sep) is fastest; Byte close at ~⅓ the space.

PIII: Byte overtakes arrays for DFS (cache lines/throughput favor compression).

Cached dynamic improves locality‑friendly inserts (linear/transpose).



Applications

PageRank: PIII → Byte fastest; P4 → Array(Sep) fastest, Byte close at 3× smaller space.

Matching: Array(Sep) slightly faster; Byte gives ~2.5× space reduction with minimal slowdown.

Ordering consistently matters for arrays; compression gives a robust baseline



Strengths and Weaknesses
Strengths

The paper presents a clear motivation for using a separator-based representation.

The three-step compression algorithm is intuitive and modular.

Its design supports multiple encoding schemes

The authors evaluate their method on a diverse set of datasets, showing that the representation is compact across many graph types.

Weaknesses

Most additions are experimental.

Evaluation focuses only on DFS, sequential traversal, and edge insertions, broader algorithmic testing would strengthen the claims.

The approach assumes free vertex relabeling; it is less useful when label order is fixed by the application.

The paper lacks NUMA considerations


