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Introduction
What	is	person	re-identification?

Matching	person	identities	from	non-overlapping	camera	views.	

q Challenges:	appearance	changes	in	human	pose,	illumination,	occlusion,	and	
background	clutter	[Gong	et	al.,	2014];	

q Objective:		 the	view- and	location-invariant	(cross-domain)	representation
or	good	matching	metric.	
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Introduction
Person	re-ids

• To	construct	good	features	for	person	images	[feature learning]	
• To	achieve	good	distance	metric	for	matching	task	[metric learning]

ØFocused	on	the	deep feature	learning	while	using	L2metric	only.

Deep	Model
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Introduction
Observations

§ Person	images	have	some	kind	of	unified	body	structure;
§ Low	inter-class and	high	intra-class variance	caused	by	appearance	
changes;

§Human	visual	systems	leverage	both	global (contextual)	and	local
(saliency)	information	concurrently;

§ Either	local	or	global	feature	learning	alone	is	suboptimal	.
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Introduction
Problem	Definition

How	to	discover	and	capture	concurrently	complementary
discriminative information	for	both	local	and	global	visual	
features	of	person	images?	
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Model	Design
Joint	Learning	of	Multi-Loss

• Local	branch of	m	streams	learning	the	discriminative	local	visual	features	for	m	
local	image	regions;	(saliency)
• Global	branch responsible	for	learning	the	most	discriminative	global	level	features	
from	the	entire	person	image.	(contextual)
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Model	Design
Joint	Learning	of	Multi-Loss

• Shared	low-level	features;
• Multi-task	independent	learning	subject	to	shared	label	constraints;	
• Adopt	the	Residual	CNN	unit	[He	et	al.,	2016]	as	the	JLML’s	building	blocks.	
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Model	Design
Feature	Selections:
Learning	robustness	against	noise	and	diverse	data	source.
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Model	Design
Loss	function
Learning	robustness	against	noise	and	diverse	data	source.

• Significantly	simplified	training	data	batch	construction;	
• More	scalable	in	real-world	applications	with	very	large	training	population	sizes	
when	available;	
• Representations	optimised for	classification	tasks	can	generalise well	to	new	
categories
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Experiments
State-of-the-art	re-id	results	on	CUHK01 and	CUHK03
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Experiments
State-of-the-art	re-id	results	on	GRID	and	Market-1501
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Experiments
Ablation	Study

ü Importance	of	branch	independence	(Multi-loss	matters).	
ü Complementary	benefits	of	global	and	local	features.	
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Experiments
Ablation	Study

ü Benefits	from	shared	low-level	features.	

ü Effects	of	selective	feature	learning	(SFL)	.	
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Experiments
Further	Analysis

ü Complementary	of	JLML	features	and	metric	learning	.	

ü Comparisons	of	model	size	and	complexity.	
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Experiments
Further	Analysis

ü Effect	of	body	parts.

ü 4	body-parts:	head	+	shoulder,	upper-body,	upper-leg	and	lower-leg.	
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Conclusions

ü An	idea	of	learning	concurrently	both	local and	global discriminative	
feature	selections	in	different	context;

ü A	novel	Joint	Learning	Multi-Loss	(JLML)	CNN	model	by	optimising
multiple	classification	losses;

ü A	structured	sparsity	based	feature	selection learning	mechanism	
for	improving	JLML	robustness	w.r.t noise	and	data	co-variance.
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