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Abstract	

This	paper	focuses	on	the	predation	strategy	of	dinosaurs	with	high	IQ	and	sardines.	The	
research	focuses	on	the	predator	model	based	on	search	space	and	division	of	labor	and	
its	optimization.	The	main	work	is	as	follows:Firstly,	this	paper	designs	a	kind	of	Particle	
swarm	optimization	algorithm	based	on	predator	search	strategy.	Secondly,	in	order	to	
improve	 the	 particle	 swarm	 search	 range	 and	 avoid	 blind	 predation,	 a	new	 particle	
swarm	optimization	algorithm	based	on	division	of	labor	is	proposed.	Finally,	in	order	
to	further	alleviate	the	problem	that	the	particle	swarm	optimization	algorithm	has	a	
slow	convergence	rate	in	the	later	stage,	this	paper	uses	the	particle	swarm	optimization	
algorithm	of	dynamic	search	space	to	optimize.	
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1. Introduction	

Dolphins	swim	fast,	usually	at	a	maximum	speed	of	30~40km	per	hour.	Individual	species	of	
dolphins	can	exceed	55km/h	per	hour	and	can	last	for	a	long	time.	In	the	vast	sea	area,	the	goal	
of	 sardines	 is	 to	 find	 warm	 ocean	 currents.	 The	 clever	 dolphins	 usually	 have	 a	 group	 of	
hundreds	of	sardines	that	chase	a	group	of	sardines	into	the	warm	waters	set	by	the	dolphins	
and	 lure	or	 scare	 them.	When	 sardines	 are	 in	danger,	 they	will	 rely	on	each	other.	Usually,	
billions	of	sardines	are	assembled	into	a	group	of	seven	kilometers	long,	one‐five	kilometers	
wide	and	thirty‐meter	deep	shaped	like	giant	meatballs.	When	the	dolphins	prey	on	sardines,	
once	the	dolphins	have	locked	in	the	position	of	the	sardines,	they	will	arrive	in	droves.	The	
sardines	 will	 be	 systematically	 besieged	 by	 the	 dolphins,	 and	 only	 the	 fastest	 and	 most	
responsive	part	of	the	tour	will	live.	Come	down.	In	order	to	improve	the	predation	efficiency	
of	dolphins,	dolphins	with	higher	IQ	will	cooperate	with	the	action	to	establish	a	reasonable	
mathematical	model	to	study	how	the	cooperative	strategies	should	be	adopted	when	multiple	
dolphins	cooperate	with	predation.	

2. Model	Establishment	and	Solution	

2.1. Model	Assumptions	
Hypothesis	1:	In	the	process	of	preying	on	sardines,	only	a	few	dolphins	have	a	division	of	labor	
and	prey	to	live	without	being	affected	by	other	species.	
Hypothesis	2:	Unaffected	by	natural	disasters	(such	as	storm	surges,	red	tides,	tsunamis,	etc.).	
Hypothesis	3:	Every	dolphin	is	an	individual	who	can	move	freely.	
Hypothesis	4:	The	sensation	range	of	a	single	sardine	is	a	sphere	with	a	radius	of	R	centered	on	
itself.	Considering	that	sardines	are	small	in	size,	they	can	be	treated	as	a	point	of	treatment.	
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Hypothesis	 5:	 Considering	 the	 speed	 of	 sound	 wave	 transmission,	 it	 is	 assumed	 that	 the	
dolphins	can	always	perceive	the	entire	fish	population.	
Hypothesis	6:	The	athletic	ability	of	sardines	and	dolphins	is	adjustable	within	a	certain	range,	
that	is,	each	has	a	maximum	speed	of	movement	and	a	minimum	speed	of	movement.	

2.2. Model	Establishment	and	Solution	
Through	the	observation	of	the	flock,	although	the	individuals	of	the	flock	are	discrete,	their	
arrangement	and	movement	direction	are	random,	but	they	remain	synchronic	in	the	overall	
operation.	When	a	group	goes	out	for	food,	once	a	bird	finds	food,	other	individuals	in	the	group	
will	 suddenly	 change	 the	 direction	 of	 flight,	 quickly	 gather	 and	 reorganize,	 and	 divide	 the	
scattered	 food.	 For	 dolphins,	 we	 can	 be	 inspired	 by	 the	 flock,	 and	 Kennedy	 and	 Eberhart	
developed	a	new	evolutionary	algorithm,	Partical	Swarm	Optimization	(PSO),	in	1995.	
The	 particle	 swarm	 optimization	 algorithm	 preserves	 the	 population‐based	 global	 search	
strategy,	 adopts	 a	 simple	 speed	 adjustment	 model,	 and	 uses	 only	 the	 unique	 memory	 to	
dynamically	track	the	current	search	situation,	with	strong	robustness	and	fast	optimization	
speed,	and	No	need	to	rely	on	the	feature	information	of	the	problem.	Therefore,	the	particle	
swarm	 optimization	 algorithm	 is	 a	 more	 efficient	 parallel	 search	 algorithm,	 which	 is	 very	
suitable	for	solving	complex	optimization	problems	with	high	real‐time	requirements.	
(1)	Mathematical	model	of	particle	swarm	optimization	
As	 an	 evolutionary	 algorithm,	 the	 particle	 swarm	 optimization	 algorithm	 combines	 the	
characteristics	 of	 evolutionary	 computing	 and	 group	 intelligence.	 The	 PSO	 treats	 each	
individual	as	a	particle	with	no	weight	and	volume	in	the	n‐dimensional	search	space	and	flies	
at	a	certain	speed	in	the	search	space.	The	PSO	algorithm	is	the	initial	population,	that	is,	a	group	
of	 particles	 is	 randomly	 initialized	 in	 the	 feasible	 solution	 space,	 each	 particle	 is	 a	 feasible	
solution	 to	 the	optimization	problem,	 and	an	adaptive	value	 is	 determined	by	 the	objective	
function.	Usually	the	particles	will	follow	the	current	optimal	particle	and	move	through	the	
generations	 to	 get	 the	 optimal	 solution.	 The	 particle	 swarm	 algorithm	 search	 schematic	 is	
shown	in	Figure	1.	

 
Figure	1.	Particle	swarm	algorithm	search	schematic	

	
The	basic	variables	are	defined	as	follows:	
Particles:	 	
The	dimension	of	the	particle:	 	
Evolutionary	algebra:	 	
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The	current	position	of	the	first	particle:	 	

The	current	flight	speed	of	the	first:	 	

The	best	position	the	first	particle	has	experienced:	 	

The	best	place	for	all	particles	in	the	group	to	pass	is	(global	best	position):	 	

Acceleration	factor:	 , 	

Two	independent	random	functions:	 , 	

Constant:	 	

(2)	Algorithm	flow	of	basic	particle	swarm	
The	flow	of	the	basic	particle	swarm	algorithm	is	as	follows:	
Step	 1	 Randomly	 initialize	 the	 particle	 swarm	 in	 the	 initialization	 range,	 including	 random	
position	and	velocity;	
Step	2		Evaluate	the	fitness	value	of	each	particle;	
Step	3		For	each	particle,	compare	its	fitness	value	with	the	fitness	value	of	the	best	position	it	
has	experienced.	If	it	is	better,	use	it	as	the	individual	historical	optimal	value	of	the	particle	
and	 update	 the	 best	 position	 of	 the	 individual	 history	with	 the	 current	 position.	 .	 For	 each	
particle,	compare	its	historical	optimal	fitness	value	with	the	fitness	value	of	the	best	position	
experienced	within	the	group	or	neighborhood,	and	if	it	is	better,	use	it	as	the	current	global	
best	position;	
Step	4		If	the	termination	condition	is	not	reached,	return	to	step	2	of	step	2.	

2.3. Particle	Swarm	Optimization	Algorithm	Based	on	Division	of	Labor	
Cooperation	

The	algorithm	first	initializes	a	bunch	of	random	particles	and	then	finds	the	optimal	solution	
through	iteration.	In	each	iteration,	the	particle	updates	the	velocity	and	position	by	tracking	2	
extremes	 (ie,	 the	 individual	 extremum	 pBest	 and	 the	 global	 extremum	 gBest).	 In	 the	 D‐
dimensional	target	search	space,	the	position	of	the	i‐th	particle	of	the	particle	swarm	is	in	the	
d‐th	dimension,	and	its	flying	speed	is	that	the	current	optimal	position	of	the	particle	is	(pBest),	
and	the	current	optimal	position	of	the	whole	particle	swarm	is	(gBest).	The	speed	and	position	
update	formula	is	as	follows:	
	

																									(1)	

	

														 																																																																						(2)	

	
Where:	 rand	 ()	 is	 a	 random	 number	 that	 varies	 within	 the	 range	 [0, 1];	 c1	 and	 c2	 are	
acceleration	coefficients.	
The	standard	PSO	algorithm	converges	quickly	in	the	early	iteration,	but	the	convergence	speed	
becomes	slower	or	even	stagnant	in	the	later	period.	Therefore,	based	on	the	standard	PSO,	the	
concept	of	inertia	weight	is	proposed,	and	the	speed	update	formula	of	the	particles	in	the	basic	
algorithm	is	modified:	
	

	 																	(3)	
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Number	of	dolphins	involved	in	the	killing:	M1,	M2,	M3,	M4,	M5.	For	the	dolphins,	a	group	is	
assigned	to	disperse	the	fish,	and	another	group	is	responsible	for	the	distribution	of	the	prey.	
Table	1	shows	the	length	of	the	dolphins	as	shown	in	Table	2.	
	

Table	1.	Dolphin	Assignment	Task	

Number, break the fish, kill the fish 
1 M1 M2 M3 M4 M5  
2 M1 M3 M4 M2 M5  
3 M2 M4 M5 M1 M3  
4 M2 M3 M5 M1 M4  
5 M1 M4 M5 M2 M3  
6 M2 M4 M1 M3 M5  
7 M1 M5 M2 M3 M4  
8 M3 M4 M1 M2 M5  

	
Table	2.	Dolphin	length	

Number M1 M2 M3 M4 M5 
Length 5.1 4.5 3.9 6.0 4.8 

The total amount of predation during the predation cycle is calculated as: 
 

																																																												(4)	

	

																																								(5)	

	
Where:	the	distance	between	the	fish	and	the	dolphins;	the	frequency	of	exchange	between	the	
fish	and	the	dolphins;	the	distance	between	the	fish	and	the	dolphins;	 length.	Bring	the	data	
from	the	table	into	the	equation.	
It	can	be	seen	from	the	comparison	of	the	results	of	the	two	kinds	of	algorithm	optimization	
that	the	method	of	variable	inertia	weight	is	used	to	optimize	the	calculation,	and	the	result	is	
faster	than	the	standard	PSO	algorithm,	and	the	optimization	result	 is	better.	The	calculated	
total	killing	amount	is	improved	compared	with	the	former.	5%.	

2.4. Optimization	of	Dolphin	Predation	Strategy	Model	
Traditional	 optimization	 methods,	 such	 as	 predation	 search	 algorithm,	 division	 of	 labor	
cooperation	algorithm,	Particle	Swarm	Optimization	(IP),	artificial	fish	swarm	algorithm,	ant	
colony	 algorithm	 and	 artificial	 bee	 colony	 algorithm	 are	 mostly	 used	 to	 deal	 with	 static	
optimization	 problems.	 However,	 many	 optimization	 problems	 are	 dynamic.	 In	 nature,	
biological	 evolution	 is	 always	 in	 a	 constantly	 changing	 environment.	 Biological	 evolution	
always	adjusts	the	direction	and	goals	of	evolution	according	to	the	changing	environment.	In	
the	real	world,	many	optimization	problems	are	dynamic,	and	the	movement	of	the	fish	and	the	
movement	of	the	dolphins	are	dynamic.	
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2.4.1. Experimental	Test	Setup	
In	terms	of	 the	setting	of	 initialization	parameters,	 this	paper	sets	 the	dimension	of	 the	test	
function	to	D30,	and	sets	the	number	of	particles	of	the	initial	group	and	the	induction	group	
to,	and	uses	asymmetric	initialization	to	determine	the	range	of	initialization	in	a	part	of	the	
search	space,	on	the	speed	of	SPSO,	PSOQS.	The	lower	limit	is	set	to	,	the	parameter	setting	is	
based	on	the	literature	selection,	and	the	maximum	number	of	iterations	set	by	the	experiment	
is	 6000	 times.	 The	 algebra	 q	 of	 the	 group	 induction	 is	 taken	 as	 the	 trial	 value,	 and	 each	
experiment	runs	50	times	independently.	The	initialization	range	of	the	function	variable.	
Describes	the	variation	of	the	average	optimal	value	(base	10	logarithm)	of	each	algorithm	in	
the	optimization	process.	
	

 
Figure	2.	Average	optimal	value	curve	of	various	algorithms	

	
We	can	see	that	PSOHF	takes	much	longer	than	SPSO	and	LPSOABCR.	The	convergence	speed	
of	 PSOHF	 for	 multimodal	 functions	 is	 significantly	 better	 than	 SPSO	 and	 LPSOABCR.	 The	
convergence	speed	of	PSOHF	pairs	is	not	as	good	as	SPSO	and	LPSOABCR.	
In	summary,	the	particle	swarm	optimization	algorithm	based	on	dynamic	search	space	is	used	
to	optimize	the	dolphin	predation	model	by	using	the	compressed	search	space	strategy	and	
the	layer‐by‐layer	evolution	improvement	strategy.	In	order	to	further	verify	the	effect	of	the	
model	optimization,	six	commonly	used	intelligent	optimization	test	functions	were	tested.	The	
simulation	 results	 of	 both	 experiments	 showed	 that	 the	 accuracy	 of	 the	 final	 solution	was	
improved,	which	improved	the	efficiency	of	dolphin	predation.	

3. Conclusion	

The	particle	swarm	algorithm	itself	has	the	problem	of	being	easily	trapped	in	local	optimum.	
Although	this	paper	solves	this	problem	to	some	extent	by	using	the	search	space	strategy	and	
the	particle	swarm	optimization	algorithm	based	on	division	of	labor,	it	is	also	possible	to	find	
a	more	suitable	optimization	method	for	it.	Improve,	and	then	solve	the	local	optimal	problem	
faster.	 At	 present,	 the	 theoretical	 research	 on	 the	 dolphin	 particle	 swarm	 optimization	
algorithm	 is	 still	 not	 enough.	 The	 convergence	 analysis	 of	 the	 particle	 swarm	 optimization	
algorithm	has	always	been	a	difficult	point	of	research.	The	convergence	research	of	particle	
swarm	optimization	mostly	 focuses	 on	 the	 results	 under	 some	 simplified	 conditions.	 It	 is	 a	
stochastic	process,	a	differential	equation,	and	a	difference	equation.	
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