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Can we do better?
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Vector Search Approaches

ANN Family

Tree-Based

Hash-Based

Graph-Based

Inverted Index

Advantage

Low index construction time
Can support different flavors of search

Support theoretical guarantees on
query efficiency and accuracy

Excellent empirical query accuracy and
efficiency

Fast query response for sparse data

Disadvantage

Low search performance on hard query
workloads

High index construction time
High footprint
Low search performance (efficiency, accuracy)

High Index construction time
High footprint
No guarantees on search quality

High Index construction time
Less efficient for high-dimension
Low search accuracy



Vector Database

Source available

Open source
(Apache 2.0 or MIT license)

or commercial

Dedicated vector databases Databases that support vector search
e : D
@ chroma s
U' — M margo | & OpenSearch ki
| Qdrant
LanceDB ' @ Postgre SQL s
©) M"VUS cass::dra
m» elasticsearch .
redis
“ Weaviate
. |ROCKSET]
? Pinecone .
QO SingleStore
Y ».
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Vector Database
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Pmpﬁe‘bary composite index
Flat, Annoy, IVF, HNSW/RHNSW (Flat/PQ), DiskAVN
Customized HNSW, HNSW (PQ), DiskANN (in progress...)

Customized HNSW

IVF (PQ), DiskAVN Gn progress...)
HNSW + BM25 hybrid

Flat (brute force), HNSW

Flat (brute Porce), HVSW

IVF (Flat), IVF (PQ) in progress...
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Image Search

Query
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Image Search Engine

Image Database

Method

Graph
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Limitations of Existing Works

e |ack of comprehensive taxonomy

e Limited insight into graph construction’s impact on search
performance.
e Key strategies underexplored

e Limited dataset diversity



Contributions

e New Taxonomy of five design paradigms

e New Insights on Key design choices

e EXxhaustive experimental evaluation

e Practical gu

iIdance and recommendations

Graph-Based Vector Search: An Experimental Evaluation of
the State-of-the-Art

ILIAS AZIZ1, UM6P, Université Paris Cité, Morocco - France
KARIMA ECHIHABI, UM6P, Morocco
THEMIS PALPANAS, Université Paris Cité, France

Vector data is prevalent across business and scientific applications, and its popularity is growing with the
proliferation of learned embeddings. Vector data collections often reach billions of vectors with thousands of
dimensions, thus, increasing the complexity of their analysis. Vector search is the backbone of many critical
analytical tasks, and graph-based methods have become the best choice for analytical tasks that do not require
guarantees on the quality of the answers. We briefly survey in-memory graph-based vector search, outline
the chronology of the different methods and classify them according to five main design paradigms: seed
selection, incremental insertion, neighborhood propagation, neighborhood diversification, and divid
conquer. We conduct an exhaustive experimental evaluation of twelve state-of-the-art methods on seven real
data collections, with sizes up to 1 billion vectors. We share key insights about the strengths and limitations
of these methods; e.g, the best approaches are typically based on incremental insertion and neighborhood
diversification, and the choice of the base graph can hurt scalability, Finally, we di
tions, such as the importance of devising more sophisticated da
strategies.
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1 Introduction

Vector data is common in various scientific and business domains, and its prevalence is expected to
grow in the future with the proliferation of learned embeddings [43, 107]. The volume and dimen-
sionality of this data, which can exceed multiple terabytes and thousands of dimensions, make
its analysis very challenging [107]. A critical component of these data analysis tasks is vector
search [40, 42, 43, 107]. It supports recommendation [91, 139], information retrieval [154], cluster-
ing [21, 150], classification [114] and outlier detection [19, 20, 22, 78, 118] in many fields including
bioinformatics, computer vision, security, finance and medicine. In data integration, vector search
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Graph-Based Vector Search: Overview and
State of the Art




Proximity Graph

Graph in which two vertices are connected by an edge if and only if
the vertices satisfy particular geometric requirements
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Beam Search

Beam search is a heuristic search algorithm that
explores a graph by expanding the most optimistic node
in a limited set of size

BeamSearch(G, Q, , K, 1)

Randomized Seed Selection

o K Random Sampling (KS)
Index-based Seed Selection

o Stacked NSW (SN)

o KD, KMean Balanced Trees
Predefined Seed Selection

o Medoid (MD)

18



Beam Search

BeamSearch(G, Q, =1, K, L =0)

@ Initialize the set of candidate nearest neighbors C_NN with
entry_ node, and the set of visited nodes with empty set V— @

dist(1,Q)

C_NN

L (Beam width)

>

<
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Beam Search

BeamSearch(G, Q,
(2) While(C_NN\V#2)

Select the closest
element P from C_NN\V

dist(1,Q)

C_NN

(Beam width)

>
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Beam Search

BeamSearch(G, Q,
(2) While(C_NN\V#2)

2.1 Select the closest
element P from C_NN\V

Add P neighbors to
C_NN

dist(16,Q)

dist(10,Q)

dist(15,Q)

dist(1,Q)

C_NN

L (Beam width)

>

<
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Beam Search

BeamSearch(G, Q,
(2) While(C_NN\V#2)

2.1 Select the closest
element P from C_NN\V

2.2 Add P neighbors to
C_NN

Add P to the set of
visited candidate

dist(16,Q)

dist(10,Q)

dist(15,Q)

dist(1,Q)

C_NN

L (Beam width)

>

<
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Beam Search

BeamSearch(G, Q,
(2) While(C_NN\V#2)

2.1 Select the closest
element P from C_NN\V

2.2 Add P neighbors to
C_NN

2.3 Add P to the set of
visited candidate

If IC_NN| >
Update C_NN to retain
closest ' points to Q

dist(16,Q)

dist(10,Q)

dist(15,Q)

dist(1,Q)

C_NN

L (Beam width)

>

-«
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Beam Search

BeamSearch(G, Q,
(2) While(C_NN\V#2)

2.1 Select the closest
element P from C_NN\V

2.2 Add P neighbors to
C_NN

2.3 Add P to the set of
visited candidate

2.4 If C_NN| >
Update C_NN to retain
closest ' points to Q

dist(16,Q)

dist(10,Q)

dist(15,Q)

dist(1,Q)

C_NN

L (Beam width)

>

-«
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Beam Search

BeamSearch(G, Q,
(2) While(C_NN\V#2)

2.1 Select the closest
element P from C_NN\V

2.2 Add P neighbors to
C_NN

2.3 Add P to the set of
visited candidate

2.4 If C_NN| >
Update C_NN to retain
closest ' points to Q

dist(5,Q)

dist(13,Q)

dist(16,Q)

dist(10,Q)

dist(15,Q)

dist(1,Q)

C_NN

L (Beam width)

>

-«
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Beam Search

BeamSearch(G, Q,
(2) While(C_NN\V#2)

2.1 Select the closest
element P from C_NN\V

2.2 Add P neighbors to
C_NN

2.3 Add P to the set of
visited candidate

2.4 If C_NN| >
Update C_NN to retain
closest ' points to Q

dist(5,Q)

dist(13,Q)

dist(16,Q)

dist(10,Q)

dist(15,Q)

dist(1,Q)

C_NN

L (Beam width)

>

-«
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Beam Search

BeamSearch(G, Q,
(2) While(C_NN\V#2)

C_NN\V==¢

dist(4,Q)

dist(14,Q)

dist(8,Q)

dist(20,Q)

dist(19,Q)

dist(18,Q)

C_NN

L (Beam width)

>

<
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Beam Search

BeamSearch(G, Q, =1, K, L =0)

@ Return K closest neighbors from C_NN

dist(4,Q)

>

dist(14,Q)

dist(8,Q)

dist(20,Q)

dist(19,Q)

dist(18,Q)

L (Beam width)

<

C_NN



Graph-based Vector Search : New

Taxonomy

Neighborhood Propagation based

é KS Y

KGraJ%p1
Y

[ LSH )

2014)

Y

é KD N

EFANNA
X 2016

time
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Neighborhood Propagation

e Neighborhood Propagation through NNDescent

b

“hi a, your neighbors can
become my neighbors too”
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Graph-based Vector Search : New

Taxonomy

Neighborhood Propagation based
Incremental Insertion based

KS )

NSW

2011

é KS Y

KGraJ%tl1

y

[ LSH )

2014)

Y

é KD N

EFANNA
X 2016

time
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Incremental Insertion

e Insert node incrementally into the graph

BeamSearch(n, ,G',s,K,L)
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Graph-based Vector Search : New

Taxonomy

Neighborhood Propagation based

Incremental Insertion based

Neighborhood Diversification based

(

VP

\

]

[ NSMIJ

I
2016)

LSH 1

:LSHA

PG|

2023y

KS + MD |
Vamana(| -
2019 A

--------

--------

llllllll

f KS N
LKGraBpL
Y
[ LSH )
IEH
L 2014,
Y
f KD N
EFANNA
| 2016

time
«
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Relative Neighborhood Diversification

For a node Xq and a list of candidate neighbors Cq, the node Xj, which
belongs to Cq, is selected into the set of Xq‘s neighbors Rq if and only if the
following condition holds:

VX, ER,, dist(X_X) < dist(X,X) (eq1)

Where:

©)
©)
©)
©)

Xq IS the query node.

Xj is a candidate neighbor being considered for inclusion in Rq and is part of Cq.
X. are nodes already in the set Rq.

dist(X_,X,) represents the Euclidean distance between nodes X_ and X, in the
d-dimensional space.
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Relative Neighborhood Diversification

dist(Xi,Xj) < dist(Xq,Xj)

dist(X.,X, ) > dist(Xq,Xk)

dist(X, X,)

dist(X, X))

dist(X, X,)

C

q
35



Neighborhood Diversification in the SOTA
GANNS methods

Neighborhood Diversification (ND) approaches in literature:

1. Relative ND (RND)
2. Relaxed RND (RRND): (eq,) => VXjERq, dist(Xq,Xi) < a.dist(Xi,Xj) fora > 1
3. Maximum-Oriented ND (MOND): (eq,) => VXjERq, Cos(LXinXj) < cos(6)
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Graph-based Vector Search : New

y ([ Ks )  KS__ )
l NSV¥011J KGraPh
Neighborhood Propagation based \ T 011
Incremental Insertion based r \
Neighborhood Diversification based IEH2014
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Graph-based Vector Search : Seed

Selection

e Randomized Seed Selection

e Predefined Seed Selection

--------

l NSW J
2011
—-— —v— —
(= T T ( |
| <
W e 10
{ KD|KM |
I SPTAG I
\_ 2019
(
|
V2022
y _Y__
(r— =" ( |
I 1 | 1
| ELPIR, (SHALS

*

llllllll

time
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Randomized Seed Selection

1. Select up to . random seed points
2. Warm the priority queue with seed points
3. Select the closest point to the query as entry node

dist(21,Q)

dist(22,Q)

dist(7,Q)

dist(23,Q)

dist(16,Q)

dist(12,Q)

C_NN

(Beam width)

>

«
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Index-based Seed Selection

1. Construct one or more lightweight indices over a representative
sample of the dataset.
a. Stacked NSW (SN)
b. KD-Trees (KD)
c. K-mean balanced Trees (KM)
d. VP Trees (VP)
e. LSH



Stacked NSW (SN)

Hierarchical Layers
(Stacked NSW)

, Layer 2

: 4
Aayer
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Index-based Seed Selection

1. Construct one or more lightweight indices over a representative
sample of the dataset.

Stacked NSW (SN)

KD-Trees (KD)

K-mean balanced Trees (KM)

VP Trees (VP)
e. LSH

2. Retrieve one or multiple seed nodes from the index to initialize the

Beam Search

0o
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Comprehensive Experimental Evaluation




Datasets

e Sift1B: 1 billion vectors of 128 dimensions representing the Sift image feature descriptors.

e Deep1B: 1 billion vectors of 96 dimensions extracted from the last layers of a convolutional neural network.

e Sald: 200 million neuroscience MRI data series of size 128 .

e Seismic: 100 million data series of size 256 representing earthquake recordings at seismic stations worldwide.

e Gist: 1 million vectors of 960 dimensions representing image descriptors that capture spatial structure and color
layout.

e ImageNet: 1 million vectors of 256 dimensions generated from ImageNet using a ResNet50 model, followed by
PCA for dimensionality reduction.

e Text-to-lmage: 1 billion 200-dimensional image embeddings (from Se-ResNext-101) paired with 50 million text
queries (from DSSM) for cross-modal retrieval tasks.

e RandPowi/: contains vectors of 256 dimensions generated randomly following power law distribution using power

law exponent /.
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Neighborhood Diversification

Smaller Index size and Search
Memory Footprint

% NOND Q RND + RRND @ MOND
>20%
A 7))

g * . Deep 22.0 1e6

: O
2 20 Sift &p 5ADeep25GB
© 5 '
4 s

(61. A
v 510
S 7
= 10 205
al Q 0.90 0.95
§ s <6% Recall
> <1% RND gives the best Search
0 MeND RND RRND Performance

ND Methods
Prunes 5x less compared to RND
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Seed selection

Dist. Calculations

Deep25GB Deep100GB

lel0 lel0

—
L
AN
(@2

2.125
1.940

2.120 l
SO | AP

SN MD SF KS KD SN MD SF_K

extensive datasets

S

Optimizing data structures for seed
selection enhances Search Efficiency on

Deep1B

lel0
2.246

I The choice of seed
2245___._ selection impacts Index
SN MD SF KS KD Efficiency as well

1e10 22B 1e6

.

0.1

Gain Queries

0.1

Dist. Calculations

182M
1 ]
1 66 1 66
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Sota Graph-based Vector Search Methods

HNSW [12]
NSG [10]
VAMANA [13]

SPTAG [14] %K HCNNG =x—~ EFANNA == HNSW ~(— NSG ELPIS —>— KGRAPH

NGT [15]

SSG [9] + DPG 7é¢ VAMANA <> SPTAG-BKT Q} SPTAG-KDT == SSG
LSH-APG [17]

HCNNG [18]

DPG [11]

EFANNA [8]

KGRAPH [7]
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Indexing Performance
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Deep1B Dataset
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Incremental Insertion based GraphAethods

are the most Scalable 48



Search Performance
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Search Performance

P~ ELPIS == HNSW —— NSG =~ VAMANA ~—}— DPG —>— KGRAPH -~ HONNG ~7= EFANNA ~<>~ SPTAG-BKT ~<>- SPTAG-KDT —#&— NGT -~} LSHAPG =~ SSG
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Divide and Conquer graph-based methods gives the best

Search Performance on Hard Datasets and workload 50



Recommendations

v Good ~ Medium X Bad

Method Query Answering Index Building
Efficiency Accuracy Tuning | Efficiency Footprint Tuning

HNSW v v v v v v
ELPIS v v ~ v v ~
VAMANA v v v v v ~
NSG v v v ~ ~ ~
SSG v v v ~ ~ ~
EFANNA X ~ X X X X
KGRAPH X X X X X X
DPG X ~ ~ ~ ~ ~
SPTAG ~ v X X v X
HCNNG v v v v v ~
LSHAPG X ~ X ~ Vv v
NGT ~ ~ X X v X
SPTAG ~ ~ ~ X v X




Recommendations

HARDNESS ——

ELPIS

decision depends on dataset
size and desired recall

SPTAG

decision depends on dataset
size and hardness

decision depeﬁds on dataset
size and desired recall

/ISSG. HNSW

DATASET SIZE >

ELPIS
HNSW



Thank you

check our other SIGMOD’25 papers on high-d vector similarity search:

e LeaFi: Data Series Indexes on Steroids with Learned Filters
o pruning based on machine learning leads to 32x faster query answering
e RWalks: Random Walks as Attribute Diffusers for Filtered Vector Search
o general graph-based filtered vector search for fast filtered (2x faster) and unfiltered vector search
(13x faster)
e Subspace Collision: An Efficient and Accurate Framework for High-dimensional Approximate Nearest
Neighbor Search
o subspace indexing leads to 100x faster query answering with the same quality guarantees

Code Available @ github.com/iliasazizi/GVS

A
Contact: azizii.ilias@gmail.com /7)/4
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ELPIS: Latency-Optimized
Graph-Based Similarity Search




ELPIS

e Tree + Graph based approach for
In-mMemory ng-approximate similarity
search

o Indexing Scalability
o Search latency efficiency
o Search accuracy on hard datasets

ANN Family Advantage Disadvantage
Tree-Based Low index construction time Low search performance on hard
(data series) Can support different flavors of query workloads

search

Hash-Based Support theoretical guarante
query efficiency and accuracy

High index construction time

High footprint

Low search performance (efficiency,
accuracy)

Graph-Based Excellent empirical query efficiency High Index construction time
High footprint
Low search accuracy on hard
dataset
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ELPIS

a ELPIS

combines

structures  for
ng-approximate vector similarity search.

tree
efficient

and graph
IN-memory

-0.25, 0.10
| 0.45, 0.93

-0.25, 0.54
0.45, 1.24 |

1

-0.25, -0.15
0.45,071 |

0.11, 0.31
| _1.23,1.32 | 0.44,0.54 |

Root

-0.22, 0.54
| 0.48,1.24 |
L4

-0.31, -0.1

0.26, 0.31

-0.31, -0.27
| 1.23,1.26 | 0.49, 0.54|

12

0.11,0.28 -0.28, -0.11

L2

| 1.28,1.32 | 0.44,0.53 |
L3

o7



ELPIS: Indexing

. i i -0.25, 0.54
o EAPCA data series summarization —
é 20.22, 0.54
| 045,093 | | 048,124 |
11 L4
. V={-15-0.5,0.5,1.52.5,1.5,2,2.6) ot S

|___ 045071 | | 1.23,1.32 | 0.44,0.54]|
12

3.0 [ = 0
: & & - 0.26,0.31 -0.31,-0.27 0.11,0.28 -0.28, -0.11
10! — | 1.23,1.26 | 0.49,0.54| )| _1.28,1.32 | 0.44, 0.53 |
0
-1.0 }
. 0

- EAPCA(V) = {[-1,0.5],[1,0.5],[2.15,0.44]}



ELPIS: Leaf Indexing

e HNSW stack multiple NSW into a
mutli-resolution layers of
approximate NSW graphs to solve
connectivity problem

e HNSW's hierarchical layer edges
act as long-range connections,
aiding distance calculation pruning
In searches
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ELPIS

a ELPIS

combines

structures  for
ng-approximate vector similarity search.

tree
efficient

and graph
IN-memory

-0.25, 0.10
| 0.45, 0.93

-0.25, 0.54
0.45, 1.24 |

1

-0.25, -0.15
0.45,071 |

0.11, 0.31
| _1.23,1.32 | 0.44,0.54 |

Root

-0.22, 0.54
| 0.48,1.24 |
L4

-0.31, -0.1

0.26, 0.31

-0.31, -0.27
| 1.23,1.26 | 0.49, 0.54|

12

0.11,0.28 -0.28, -0.11

L2

| 1.28,1.32 | 0.44,0.53 |
L3
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Elpis Structure

-0.25, 0.54
| 0.45,1.24
Root

@ ELPIS combines tree and graph
structures for efficient in-memory
ng-approximate vector similarity search.

-0.25, 0.10
| 045,093 |
11

-0.22, 0.54
| 0.48,1.24
L4

-0.25, -0.15
0.45, 0.71

0.11,0.31 -0.31,-0.1

| 1.23,1.32 |0.44,0.54 |
12

0.26, 0.31 -0.31, -0.27

0.11,0.28 -0.28, -0.1
| 1.23,1.26 |0.49, 0.54 |
L2

| 1.28,1.32 £0.44, 0.53 |
C




Elpis Index Building

-0.25, 0.54
| 0.45,1.24
Root

A EAPCA data series summarization

-0.25, 0.10 -0.22, 0.54

| 0.45.0.93 048,1.24 |
V={15-050.5,1.5251.522.6) — =
-0.25, -0.15 011 0.31 031 011
3.0 0 | 0.45.0.7"
20 - =—o—

1'0- 026 0.31 031 -0.2 0.11, 0.28 -0.28, -0.11
1.0} = 123126 049 0.54 | |128132L£044 0.53 |

EAPCA(V) = {[-1,0.5],[1,0.5],[2.15,0.44]}



Elpis Index Building

HSplitSynopsis-
SG(Root) = SG(I1)

Z(Root) derived from Z(I1) and Z(L4)

VSplitSynopsis-

= SG(L4)

SG(I1) = SG(L1) # SG(12)

Z(Root) derived from Z(L1) and series of 12

-0.25, -0.15
| 0.45.0.71 |
L1

L1=f 4 L1
S-={x,",x,

O Dataset S = SH'+S8M2+8L3+8M4

-0.25; 0.54
045, 1.24

<~ _ Root

-0.25,0.10
| 0450093
TR

/

L1""XnL1}

0.26,031 -8731,-0.2
| 1.23. 1.26L|ZQ.49, 0.54 |

0.11, 0.31%,-0.31, -0.17
I_Lza,_uzizliuﬁ,_aﬁil

-0.22, 0.54
| 0.48,1.24 |

0.11, 0.28 -0.28, -0.11
| 1.28. 1.32L£0.44, 0.53 |

L3—f y L3, L3 L3
S —{x1 Xy s X }



Graph Leaf: Hierarchical Navigable
Small World

e HNSW stack multiple NSW into a
mutli-resolution layers of f.
approximate NSW graphs to solve
connectivity problem




Graph Leaf: Hierarchical Navigable
Small World

e HNSW stack multiple NSW into a
mutli-resolution layers of
approximate NSW graphs to solve
connectivity problem

e HNSW's hierarchical layer edges
act as long-range connections,
aiding distance calculation pruning
in searches




Graph Leaf: Hierarchical Navigable
Small World

iLayerZ

/Layer 1
| /Baselayer
K /Qﬁ

Hierarchical Layers
(Stacked NSW) <




Elpis Index Building

-0.25, 0.54
| 0.45,1.24
Root

d  Elpis concurrently constructs graphs
using nw1 workers, with each

worker building Hierarchical NSW 045003 |

/

graph within each leaf in parallel ————
using nw2 workers.
L1

-0.22, 0.54
0.48,1.24

-0.25, 0.10

0.11, 0.28 -0.28, -0.11
| 1.28. 1.32L£0.44, 0.53 |




Elpis Query Search

-0.25) 0.54
045, 1.24
~ Root

d  Elpis query search initiates with a
beam search on the approximate
graph leaf

-0.25, .10

0.45/0.93

1>

-0.22, 0.54
0.48,1.24

-0.25, -0.15

| 0.45.0.71
L1

0.26,0.31 -0.31,-0.2

0.11,0.28 -0.28, -0.11
|_1.23. 1.26M£’Q 49. 0.54 |

| 1.28. 1.32L£0.44, 0.53 |

[ dist(8,Q) |
dist(20,Q)
dist(19,Q)
dist(18,Q)

C_NN,,

L (Beam width)




Elpis Query Search

4 Elpis selects nprobes - 1
potential leaves  through
Breadth-First Search using

-0.25! 0.54
045, 1.24

K-bsf answers and EAPCA
lower bounding distances.

-0.25, -0:15
|__04570.71
L1

| dist(8,Q)

dist(20,Q)
dist(19,Q)
dist(18,Q)

C_NN,,

L (Beam width)

" Root

-0.22, 0.54
0.48,1.24

0.11. 0.28 -0.28, -0.11
| 1.28. 1.3\2L£0.44, 0.53 |




Elpis Query Search

-0.25! 0.54
|___ 045,124 |
_Root

4 Elpis warms-up with the
approximate results nw (<
nprobes-1) priority queues for
nw workers to conduct
concurrent  searches on
nprobes - 1 graphs.

-0.22, 0.54
0.48,1.24

-0.25, -0:15
|__04570.71
L1

0.11. 0.28 -0.28, -0.11
| 1.28. 1.3\2L£0.44, 0.53 |

[ dist(8,Q) |

dist(20,Q)

d?st(19,Q) [ dist(8,Q) |
dist(18,Q) dsi20q) || Z/
C_NN, [Gs0a | St —"

C_NN_,

Z/

[ dist(8,Q) |

C_NN,,

L (Beam width)




Elpis Query Search

-0.25, 0.54
| 045,124 |
Root

d ELPIS aggregates answers
from all priority queues,
returning £ smallest Euclidean
distance answers.

-0.22, 0.54
0.48,1.24

-0.25, 0.10
0.45.093 |

-0.25, -0.15

| 0.45.0.71
L1

0.11,0.28 -0.28, -0.11
|_1.28, 1.32L£0.44, 0.53 |

[ dist(46,Q) |
dist(3,Q)
di-st(11,Q) [ dist(24,Q) ]
dist(4,Q) W‘ / ﬁ._/
C NN i 0
[ dis39.0) ] Y =18,
(- - — — e
dist(11,Q) C_NN,,
s ] . G ]
C NN I dist(20,Q)
- : dist(19,Q)
f e e e mmmmmmmmm oo C_NN

L2



HNSW Parameters (M, EFC)

2176
1024 o I

E) 512 - o . -1281%
2561 o ‘/ ¢ ¢
1%2 e e Fy I
Beam width [ . | 385
16 32 04 128

M
T Maximum Outdegree
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