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“Free"” states: stabilizer states S,
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Spring Layout
Draw graphs using the three different spring layout algorithms.

The spring layout is typically generated by the Fruchterman—Reingold force-directed algorithm. This algorithm treats edges as

springs holding nodes close while treating nodes as repelling objects and simulates the system until it reaches equilibrium. The
P a rt 2 N e t W O r X A ' |‘ \ algorithm also terminates when it reaches a maximum number of iterations.
L NetworkX offers mainly three different kinds of methods based on the same theoretical foundation:

* nx.spring layout(G, method="force")

> The default for graphs with fewer than 500 nodes in | nx.spring_layout .

Direct implementation of the Fruchterman—Reingold force-directed algorithm.
Can handle negative edge weights as they are.
* nx.spring_layout(G, method="energy™)
The default for graphs with more than or equal to 500 nodes in | nx. spring_layout |.

It solves an energy-based optimization problem, taking the absolute value of negative edge weights

. LJ : b - > Uses gravitational forces acting on each connected component to prevent divergence.
r— ~ —— \ * nx.nx_agraph.graphvi yout(G, prog="sfdp")

P — — A J— Uses | sfdp from GraphViz to compute the layout.
N etWO r kX ‘ 7 ’ J ’ 4 J ’ IJ A Employs a multilevel approach for faster force-directed graph drawing.
Requires separate installation of GraphViz. For details, see | networkx.drawing. nx
N N
L]
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y 4 71,

energy mm sfdp
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https://github.com/networkx/networkx/pull/7889
https://github.com/networkx/networkx/pull/7889
https://github.com/networkx/networkx/pull/7889
https://github.com/networkx/networkx/pull/7889
https://github.com/networkx/networkx/pull/8041
https://github.com/networkx/networkx/pull/8041
https://github.com/networkx/networkx/pull/8041
https://github.com/networkx/networkx/pull/8042
https://github.com/networkx/networkx/pull/8042
https://github.com/networkx/networkx/pull/8042
https://github.com/networkx/networkx/pull/8145
https://github.com/networkx/networkx/pull/8145
https://github.com/networkx/networkx/pull/8145
https://github.com/networkx/networkx/issues/8113
https://github.com/networkx/networkx/issues/8113
https://github.com/networkx/networkx/issues/8113
https://github.com/networkx/networkx/issues/8113
https://networkx.org/documentation/stable/auto_examples/drawing/plot_spring_layout.html
https://networkx.org/documentation/stable/auto_examples/drawing/plot_spring_layout.html
https://networkx.org/documentation/stable/auto_examples/drawing/plot_spring_layout.html
https://networkx.org/documentation/stable/auto_examples/drawing/plot_spring_layout.html
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Applications a Fast Multi-scale
Method for Drawing Large Graphs

D. Harel, Y. Koren
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@° Opengraph  + Add origin

S2 TL;DR: The proposed algorithm
embodies a new multi-scale scheme
for drawing graphs, which was
motivated by the earlier multi-scale
algorithm of Hadany and Harel and
could significantly improve the speed
of essentially any force-directed
method (regardless of that method's
ability of drawing weighted graphs or
the continuity of its cost-function).
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import networkx-as nx import -networkx-as nx import networkx as nx

G = nx.cycle_graph(10) G = nx.cycle_graph(20) G = nx.cycle_graph(500)
nx.draw(G, node_size=50) nx.draw(G, node_size=50) nx.draw(G, node_size=50)
v 0.2s v 02s
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lts scalar potential, energy, is defined as

W,'J'C]’3

.d ~d
a : a r : r : .
Ei(d) = ./0 FPi(r)dr = T E*(d) = / F'(r)dr = —k“logd,

J OO

E:j(d) = E&(d) + E*(d).
Seek equilibrium < find local minimum of 7(X) (non-convex):

minimize f(X) = Ei 5(|[3¢ — %[ ):
X € 17 e Zj: 12



|E&%L7‘:7)L:i‘u X LDH HEER

B old version (force) I new version (energy)

jagmeshl dwt 2680 complete
48.37s 233.68s 22.80s

21.04s 119.05s 5.3.15




|PuII Request[ZDULNT

MR RIEEEE AN

#Uﬁﬁ%mfi’]\ﬁ’tftest

(—ﬁBTE,.“’E & EL1-15

JZE?;FEE]J:’C?EE'd’éfﬁ

DEHIBOLOHBHHHE

s B AHMEXD. 5
methodZ1BIN9 5EHI(Z
CER

C

SEILIC

ENENI? EEE
M ZLEa—LTIEL:

complete
23.80s

path
9.40s

FR

i

cycle
11.29s

| FR (L-BFGS)

circular_ladder
12.32s

I Kamada--Kawai

wheel
10.85s

star
10.72s

grid_2d
11.85s

8.06s 8.93s 7.46s
N
;‘\ V.
| (e
N’
38.06s 116.81s 1.75s 7.70s 9.87s 7.17s
balanced_tree binomial_tree lollipop barbell ladder complete_bipartite
72.59s 26.28s 21.36s 16.04s 19.43s

26.65s

7.64s

165.72s

barabasi_albert
11.52s

134.04s

=
s
watts_strogatz random_reqular
11.62s 12.45s
..

6.88s

5 =

109.43s

random

14.76s

11.61s

30.06s

gnp_random
18.93s

12.66s

57.67s

32.66s

trivial
0.00s

0.00s

0.00s

14




Part3. F[IZY DI B

* BBLLIZSO TN ERRD EBRE DX IEF IS HNERBNET

» TOTL RIS ERMGRRAFICONTIRARKIERANET
« SENBD) U IEELRST-D T, BIKRDHLHL DB HNILEIE

« AIMNFIRICENLBIAHIETFENTT




= F[5ER

EFFEHROMAREIZE 1T D51

(RHIBICIT)HDHIRED REAH,
ZEDOHHEENDIERETRNS

EE—'%IEEE’P&BVJ/U&?r%iLT:L\
EfrsEbAMEZ D

(OSSTIIZELNTI HY)gurobi&l VD
miElEV ILN—TRERKLALYGNS

B2 DOHAERMEREL0SSELTARF

Fast computation of magic monotones

“Free” states: stabilizer states S,
State inside can be readily prepared in FTQC

Sl S |+> —

p=(1+p)ps — pp-
p
R(p) =2p+1
e

(Distance p) = cost to prepare p
83 |[-)—

» Steps for evaluating magic monotones:
1. Represent the target state as the linear combination of stabilizer states
2. Minimize the L'-norm of the linear combination coefficients

» Robustness of Magic (RoM; Howard & Campbell, 2017):
R(p) = min {llzll | p =X, es,2i0}

RIS
» Stabilizer Extent (SE; Brawyi et al., 2019):

é(v)) = min {llzl} | [ = Tigpes, =165 }

Clsnl

Matrix A5F for Stabilizer Extent — [0:+1 D1+5D:+§ -5 -
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https://hirokihamaguchi.github.io/talks/2024-08-29-Fast-computation-of-magic-monotones
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Agonist dose (Molar)
By Jamgoodman = Own_ work, CC BY — SA 4.0

from sklearn.isotonic import IsotonicRegression 150 °

from scipy.optimize import isotonic_regression
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https://qiita.com/hari64/items/23d8e8f20879871b2209

QF:':/IEJE_ '“f.ﬁzﬁ

. 1 5 1.0
pros (o) 1= arg i { (2) + 5 o ol | |

zeR"™
MNEYMZERBATY AN, BE#EA 00
HIOHILTINSE—RRIZZFEL

FEXHEDZDARILILERTH S
L1/ JLLDSE DRI

VA EEZELDHET D
JEFEREILFIE

[EIEE SUS =Rl == UBE b ry = 2L
PyProximalZz & MOSSH RIS N TLVS

18

A Fast Iterative Shrinkage-Thresholding
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> gorithm for Linear Inverse Problems
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“Free” states: stabilizer states S,
State inside can be readily prepared in FTQC
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