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Results

Eval Global F1 scores

Dataset Model Records CV W N1 N2 N3 REM mean

S-EDF-39 U-Time 39 20 0.87 0.52 0.86 0.84 0.84 0.79
CNN-LSTM1 39 20 0.85 0.47 0.86 0.85 0.82 0.77
VGGNet2 39 20 0.81 0.47 0.85 0.83 0.82 0.76
CNN3 39 20 0.77 0.41 0.87 0.86 0.82 0.75
Autoenc.4 39 20 0.72 0.47 0.85 0.84 0.81 0.74

S-EDF-153 U-Time 153 10 0.92 0.51 0.84 0.75 0.80 0.76
CNN-LSTM 153 10 0.91 0.47 0.81 0.69 0.79 0.73

Physio-18 U-Time 994 5 0.83 0.59 0.83 0.79 0.84 0.77
CNN-LSTM 994 5 0.82 0.58 0.83 0.78 0.85 0.77

DCSM U-Time 255 5 0.97 0.49 0.84 0.83 0.82 0.79
CNN-LSTM 255 5 0.96 0.39 0.82 0.80 0.82 0.76

ISRUC U-Time 99 10 0.87 0.55 0.79 0.87 0.78 0.77
CNN-LSTM 99 10 0.84 0.46 0.70 0.83 0.72 0.71
Human obs. 99 - 0.92 0.54 0.80 0.85 0.90 0.80

CAP U-Time 101 5 0.78 0.29 0.76 0.80 0.76 0.68
CNN5 104 5 0.77 0.35 0.76 0.78 0.76 0.68
CNN-LSTM 101 5 0.77 0.28 0.69 0.77 0.75 0.65

SVUH-UCD U-Time 25 25 0.75 0.51 0.79 0.86 0.73 0.73

Ta b l e  2 :  U -T i m e  results  across  7  datasets .  U -T i m e  and our  CNN-LSTM basel ine  process  
   s ingle - channel  EEG data .  Referenced models  process  s ingle -  or  mult i - channel  
   EEG data .  F1  scores  are  computed across  a l l  subjec ts .  P lease  refer  to  the 
   supplementar y  mater ia l  for  per-subjec t  summar y metr ics .

 Without  hyperparameter  tuning,  U -T i m e  per forms at  least  at  the  level
 of  methods  f rom l i terature  as  wel l  as  the  CNN-LSTM basel ine.

 U -T i m e  per forms at  near  human (exper t )  level  per formance.

 (Supplementar y)  We were  not  able  to  improve the CNN-LSTM basel ine
 on neither  S -EDF-153 nor  DCSM across  13  architec tura l  modi�cat ions.

 (Supplementar y)  U -T i m e  might  bene�t  f rom accept ing mult ip le  input
 channels .  Expec tedly,  inc luding an EOG (eye -movement)  channel  
 improves  per formance on the REM s leep stage.
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Dataset Size Sample Rate Channel Scoring Disorders

S-EDF-39 39 100 Fpz-Cz R&K None
S-EDF-153 153 100 Fpz-Cz R&K None
Physio-2018 994 200 C3-A2 AASM Non-specific sleep disorders
DCSM 255 256 C3-A2 AASM Non-specific sleep disorders
ISRUC 99 200 C3-A2 AASM Non-specific sleep disorders
CAP 101 100-512 C4-A1/C3-A2 R&K 7 types of sleep disorders
SVUH-UCD 25 128 C3-A2 R&K Sleep apnea, primary snoring

Ta b l e  1 :   Datasets  over v iew.  The ‘S ize’ column gives  the number  of  subjec ts  inc luded in  our  study,
    ‘Sample  R ate’ l i s ts  the  or iginal  rate  in  H z ,  and ‘S cor ing’ repor ts  the annotat ion protocol
    (R&K = Rechtscha�en and K ales,  AASM = Amer ican Academy of  S leep M edic ine) .

Fi g u re  2 :  Visual izat ion of  the  c lass  con�dence scores  of  U -T i m e  on  three input  channels  of  a  test
    subjec t  f rom the S leep -EDF-153 dataset .  The segmentat ion f requenc y is  set  to  match the
    input  s ignal  f requenc y of  100 H z .  I .e .  U -T i m e  outputs  100 s leep stage scor ings  per  second.

Fi g u re  1 :  I l lustrat ion of  how U -T i m e  maps  potent ia l ly  ver y  long input  sequence to  segmentat ions  at  a
    chosen temporal  sca le  (here  1/30 H z)  by  �rst  segmenting the s ignal  at  ever y  data-point  and
    then aggregat ing these scores  to  form �nal  predic t ions.

Experiments

 We evaluated U -T i m e  for  ‘s leep -stage’ segmentat ion of  raw EEG data .

 U -T i m e  was  t ra ined to  segment  an EEG into  s leep stages  in  the label  set  
                                          with  f requenc y                       .

 We evaluated U -T i m e  across  7  d i�erent  datasets  w i t h o u t  h y p e r p a ra m e t e r
 m o d i � ca t i o n s.  The datasets  cover  both healthy  and diseased populat ions.

 We compared to  s ingle -  and mult i - channel  EEG methods f rom l i terature
 as  wel l  as  our  s ingle - channel  re - implementat ion of  the  state - of- the -ar t
 s leep staging CNN-LSTM descr ibed in  [1]  t ra ined on the U -T i m e  p ipel ine.
 
 We conduc ted a  large number  of  basel ine  hyperparameter  exper iments
 on the S -EDF-39 and DCSM datasets .

Overview

 M ost  deep lear ning systems for  phys io logical  t ime -ser ies  analys is   
 combine convolut ional  and recur rent  layers .  These are  d i�cult  to  tune
 and opt imize  and they of ten require  task-speci�c  modi�cat ions .

 We suggest  U -T i m e ;  a  fu l ly  feed-for ward model  for  t ime -ser ies  
 segmentat ion based on the U-Net  architec ture [6,  7].  Evaluated on the 
 problem of  ‘s leep staging’,  we �nd that  U -T i m e o�ers :
  
   H igher  segmentat ion accurac y  compared to  CNN-LSTM t ype models
   H igh robustness  in  i ts  hyper parameters  across  datasets
   Ver y  fast  inference ( fu l l  pat ient  scor ing in  seconds on laptop CPUs)
   Abi l i t y  to  output  segmentat ions  of  h igher-than- labels  temporal
   resolut ion through in-bui l t  mult ip le  instance learning mechanism.

Method

 U -T i m e  i s  a  fu l ly  convolut ional  encoder- decoder  net wor k .  I t  maps 1D
 t ime -ser ies  to  cont iguous  segments of  labels at  a  chosen temporal  sca le.

  Let                       be a  s ignal of      channels  sampled at  rate     for     seconds.   
 Let     be  the f requenc y at  which we want  to  segment     .  Our  goal  i s  to  map
     to          labels  where  each label  represents              connec ted samples.

 The input    to  U -T i m e  a re    �xed- length connec ted segments  of  s ignal  
 each of  length   .  The model                                                with  parameters
 maps      to      c lass  con�dence scores  for  a l l      segments.  I t  co nsists  of  three
 submodules ;  an  e n c o d e r ,  d e c o d e r  and s e g m e n t  c l a s s i � e r .
       

   The e n c o d e r  and d e c o d e r  map     to  an inter mediate,  h igh f requenc y 
   segmentat ion in            .  The s e g m e n t  c l a s s i � e r  per forms average 
   pool ing over  segments  of  length   to  projec t  the  segmentat ion down
   in  f requenc y to  match the labels  in             .
   The s e g m e n t  c l a s s i � e r  ser ves  as  a  t ra inable  l ink  to  the inter mediate,  
   h igh f requenc y segmentat ion.  
   The segmentat ion f requenc y,    ,  may be increased at  inference t ime.
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