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ABSTRACT

We	present	recent	results	on	
tracking	and	denoising of	quasi-
periodic	biosignals,	and	their	
application	in	the	detection	of	
critical	patient	states.	In	particular,	
we	present	an	efficient	method	for	
tracking	neurological	state	using	a	
dimensionally-reduced	non-linear	
manifold	of	routinely	measured	
physiological	and	neurological	
signals,	such	as	intracranial	
pressure	(ICP),	transcranial	doppler
(TCD),	and	electrocardiogram	(ECG).

CONCLUSION

Our	experiments	demonstrate	
that	critical	patient-states	can	

be	predicted	with	high-accuracy	
several	minutes	prior	to	their	

onset	by	continuously	tracking	
high-dimensional	biosignals on	
on	low-dimensional	manifolds.	
This	subspace	representation	of	
data	enables	the	realization	of	
stable,	intuitive,	and	ultimately	

visualizable,	low-complexity	
algorithms	that	can	aid	

clinicians	in	real-time	prognosis	
and	risk-abatement	tasks.	

MANIFOLD LEARNING

If	continuous	quasi-periodic	biosignals can	be	segmented	and	normalized	into	consecutive	pulses	or	
beats,	denoted	as	𝑥" ∈ ℝ%, then	the	goal	of	manifold	learning	is	to	learn	a	low-dimensional	subspace	
representation	of	these	signals,	denoted	as	𝑠" ∈ ℝ(, such	that	pulses	that	are	similar	in	the	time-
domain	representation	are	also	close	in	the	dimensionally-reduced	(𝑛 < 𝑚)	subspace	representation.
This	can	be	achieved	by	minimizing	the	measure:
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where	𝑊	is	a	graph	with	edges	𝑊",6 reflecting	the	similarity	between	pulses	𝑥"	and	𝑥6,	𝐿 = 𝐷 −𝑊 is	
the	graph	Laplacian,	and	𝐷	is	a	diagonal	matrix	storing	the	column	sums	of	𝑊.	The	optimal	𝑆 can	be	
obtained	by	finding	the	largest	𝑘 generalized	eigenvectors	𝜆 of	the	eigen-problem:		𝑊	𝑆	 = 𝜆	𝐷	𝑆	.

Moreover,	we	can	constrain	the	learning	of	the	manifold	to	incorporate	clinically-relevant	priors	by	
modifying	the	edges	of	the	graph	𝑊 to	reflect	a	non-linear	measure	of	similarity	between	the	pulses.	
In	Figure	1,	for	example,	we	compute	a	3D	embedding	of	ICP	signals	that	incorporates	ICP	pulse	
morphology,	its	average	value,	and	a	time-index	relative	to	a	critical	state	(intracranial	hypertension).

LOCALIZATION AND RECONSTRUCTION
A	graph	representation	of	data	enables	relevant	
variations	in	signals	to	be more	easily quantified.	
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problem solved as a standard ridge regression:
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As mentioned earlier, the proposed framework incorporates constraints on the learning of the subspace to
take into account the average ICP of the pulses and their relative positions in time. This is done via the
construction of the matrix W so that the weights reflect a weighted distance between the respective pulse
waveform p, ICP c, and time index t. That is,

G1(i, j) = w
p

p+ w
c

c+ w
t
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G2(i, j) =

⇢
1 if G1(i, j) 2 knn(G1(i, :), k)
0 otherwise

(15)

W = G1 �G2 (16)

where w
p

, w
c

, and w
t

represent the weights associated with the di↵erent input modalities respectively,
� represents the element-wise multiplication of matrices, and the value k = 5 was chosen empirically.
Multiplication by the mask G2 constrains the association of a pulse on the manifold to its k nearest neighbors
in the mixed-modality input space.
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Figure 6: Tracking and denoising of an ICP stream corrupted by AWGN noise of variance � = 4% [17].
(Top:) Signals are projected to the manifold, and (Bottom:) denoised by incorporating geodesic constraints.

Toyon proposes to incorporate the previously described manifold learning framework directly into deep neural
networks for signal hashing, matching, and tracking of discrete time-series data. In particular, we propose
using locality constraints from manifold learning (Eq. 10-13) directly within the feature hierarchy, to enhance
the significance of the autoencoded representations. In particular, the non-linear modifications imposed by
Eq. 14-16 could be traded for richer, feature-based biases. This may be of specific utility to NGA operators,
since these semantic ordering constraints can be seamlessly traded for application-specific notions without
changing the overall neural network architecture. In this way, the proposed algorithms form a universal
signal hashing and pattern matching framework, extensible to any application involving identification and
tracking high-dimensional discrete time-series data using low-dimensional signal hashes.

E�cient Neural Hashing
The final component of the described system, which mates deep neural network autoencoders with the con-
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Figure	1:	Manifold	of	quasi-periodic	ICP	signals. Figure	2:	Tracking	and	denoising of	ICP	signals	using	weighted	k-NN	algorithm	(RS01).

TRACKING AND PREDICTION

Figure	3:	Prediction	of	ICP	5-min	ahead	in	time	
with	≥ 90%	relative	accuracy	in	value.

With	an	appropriately-chosen	weighting	function,	
the	semantic	ordering	of	projected	pulses	can	be	
exploited	to	perform	low-complexity	tracking	and	
high-accuracy	prediction	of	critical	patient	states.

For	example,	ICP	can	be	predicted	using	low-order	
auto-regressive	moving-average	(ARMA)	models:

𝑠̂DE9 =.𝛼"𝑠DG" +.𝛽6𝑝DG6
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where	𝑀,𝑁 ≤ 30,	and	𝑓G9 ⋅ denotes	an	inverse	
mapping.	These	are	preferable	to	higher-order	
controllers,	which	often	suffer	from	instability.


