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Contextual Inconsistency

- Leverage contextual information.
» A natural temporal dependency exists between consecutive classified samples.

» Not only exists at the data level but also manifests in the changes of labels.
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» Boundary <
(c) Schematic diagram of the division of each class sequence in (d), with higher-level data closer to the boundary.

J Inconsistent boundary labels.
» Manual annotations determine the start and end times for each class.

» Lacking of unified quantification standards leads to experiential differences.

» Inconsistent labels leads to unstable model training.
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Condm: Overview
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.‘ “Theorem 2.1.

The more the introduced
contextual instance set enhance
the discriminative power of the
target instance, the greater the
benefit for the classification task.
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Condm: Overview

Label Consistency Training Framework:

A progressive harmonization approach for handling inconsistent
training labels from easy (core) to the hard (transition) part is designed
to yield a more robust model.

Contexts at Label level:
The predictions for consecutive
segments should exhibit a

constrained monotonicity over time.

Coherent
Predictor

Contexts at Data level:
Consecutive segments within the

same state should be classified into

the same class.
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Condm — Continuous Encoder
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Contexts at Data level:

Consecutive segments within the same state should
be classified into the same class.

<
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target instance.



Condm — Coherent Predictor

QLQ (§I§) é — P ! Behavior Constraint — {3
4

)
? ]

|5 &®—
| [3 &)

f
T High confidence Low confidence

SoftMax p = Tanh(z|a, k. b, h)
i i 1 i 1 V > =ax Tanh(k x (z + b)) + h
(mip2) (mip2) (mip2) (mip2) (mip2)» £ . A R A L
ks t4 T4 t 4 t1 | (5 = ||Tanh(z|a, k,b, h) — p||°

C1| |C2 C3| | Cr| C j r

v v v v v » >

[MiP‘lJ [Mim] [Mimj [Miﬂ] [MiP‘I]-&El | h | | 4 |

[SoftMa)g @oﬁMaﬁ E’OﬂMa)a E;OﬂMa)ﬂ [SOf‘Ma’ﬂ Confidence decreasing  Confidence increasing
N v W Y

- — NN HEEEN -

‘ Contexts at Label level:
The predictions for consecutive segments should exhibit a
constrained monotonicity over time.

>

p = SoftMax (MLP; (¢))

= S‘«’f‘MaX (IMLPL’ (eillei]; jeqa,.... 1.}) > By weightedly aggregating predictions from similar time segments, the
p=R..1p model can focus on contexts more likely to belong to the same class.
£y = CrossEntropy(p, y) > Utilize contextual label information to ensure the monotonicity of

(5 = CrossEntropy(R.Y) predictions across consecutive segments through hard constraints.




Condm — Consistent Trainer

Label Consistency Training Framework:
— Level 1 Although people may have differences in the fuzzy
. t:::g transitions between classes, they tend to reach an
o= lvald agreement on the most significant core part of each class.
=== Level 5 » Adopt curriculum learning techniques to help the model learn
ol 10 20’30 40 50 60 epoch: instances from the easy (core) to the hard (transition) part.
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Model Comparison

r% fNIRS [31]
Model 0%  20% 40% o oo

MS-TCN2 [42] 17148 7099 69.40| competitive
TAS  ASFormer [68] 171.69 70.75 69.18
DiffAct [45) 7115 69.72 6545L-_ - - ____

MiniRocket [13] 61.28 6041 57.87
TSC  TimesNet 67.47 6539 63.45
PatchTST [51) 51.79 55.38 52.67

SIGUA [28) 6737 6524 6347
NLL UNICON [36]  61.15 6045 57.35
Sel-CL [43] 63.86 6245 6175
TSC  SREA [0] 70.10  69.65 6940
&  Scale-T [@7) 7040 68.06 6651
NLL “condm 7128 7127 7004

Sample # of # of Cross Total Interval Window Slide Total

Data Frequency Features Classes Subjects Groups Validation Intervals Length Length Length Segments
fNIRS 5.2Hz 8 2 68 4 12 4,080 38.46s 4.81s 0.96s 146,880
HHAR 50Hz 6 6 9 3 6 5,400 60s 4s 2s 156.600

Sleep 100Hz 2 5 154 3 6 6.000 40s 2.5s 1.25s 186,000
SEEG 250Hz 1 2 8 4 3 8,000 16s Is 0.5s 248,000




Model Comparison

r% fNIRS [31] HHAR [7] Sleep [37] SEEG
Model 0%  20% A0% c-mmmm e s 0% 20% 10% 0% 20% 40% raw
————————————— i =y 1
MS-TCN2 :71.48 70.99 69.401 competitive 69.79 66.72 62.29 6007 59.03 56.17 61.88
TAS  ASFormer [68] 171.69 70.75 69.18 performance : 62.52 6092 60.77 59.09 5552 5389 56.71
DiffAct [45) :_7 1.15 6972 6545L--—-————__ 1 56.76 5386 50.63 49.12 4332 3886 60.62
MiniRocket [13] 61.28 60.41 57.87 7034 6332 59.25 62.00 61.75 58.38 62.39
TSC TimesNet 67.47 65.39 6345 7207 70.19 66.76 59.50 57.72 55.73 50.99
PatchTST [51] 51.79 5538 52.67 52.00 4546 45.69 5840 56.16 53.05 5845
SIGUA 67.37 65.24 6347 6894 6847 67.60 5428 53.07 51.32 53.19
NLL UNICON 61.15 6045 57.35 6226 61.63 5834 6226 61.63 5834 60.53
Sel-CL [43) 63.86 6245 61.75 73.00 7228 7281 6348 6345 61.72 60.50
TSC SREA 70.10  69.65 69.40 68.64 6602 65.67 4881/ 4880 4572 55.21
& Scale-T [47] 70.40 68.06 6651 7777 76.71 7597 63.21 6340 60.77 67.64
NLL - Condm 7128 7127 70.04 8029 7859 7552 68.02 6631 6431 72.00
32491 | 7.15% 1 L 6.45%1 ]
Data Sample # of # of Sakiecl  Groa Cross Total  Interval Window  Slide Total

Frequency Features Classes ° Jects PS" validation Intervals Length Length Length Segments

fNIRS 5.2Hz 8 2 68 4 12 4,080 38.46s 4.81s 0.96s 146,880

HHAR S50Hz 6 6 9 3 6 5.400 60s 4s 2s 156.600

Sleep 100Hz 2 5 154 3 6 6.000 40s 2.5s 1.25s 186.000

SEEG 250Hz 1 2 8 4 3 8,000 16s Is 0.5s 248,000




Model Comparison

r% fNIRS [31] HHAR [7] Sleep [37] SEEG
Viodel 0%  20% 40% cmmmmm— == - 0% 20% 40% 0% 20% 40% raw
————————————— ) L |

MS-TCN2 17148 70.99 69.401 competitive 69.79 66.72 6229 60.07 59.03 56.17 61.88
TAS  ASFormer [68] 171.69 70.75 69.18 performance : 62.52 6092 60.77 59.09 55.52 5389 56.71
DiffAct [45) :_7 1.15 6972 6545L--—-————__ 1 56.76 5386 50.63 49.12 4332 3886 60.62
MiniRocket [13] 61.28 6041 57.87 70.34 6332 5925 62.00 61.75 5838 62.39
TSC TimesNet 67.47 65.39 63.45 7207 70.19 66.76 59.50 57.72 55.73 50.99
PatchTST [51) 51.79 5538 52.67 .- ———-_. 52.00 4546 4569 5840 56.16 53.05 5845

_________ % | ! e —
SIGUA [28] 67.37 165.24 63.47! ngj;/il’_-l 68.94 6847 67.60 5428 ,53.07 51.32! 53.19
NLL UNICON 61.15 16045 57.35, :_Eg?i’/gl__: 6226 61.63 5834 6226 '61.63 58.34, 60.53
Sel-CL [43) 63.86 162.45 61.751 1 1.920% | ! 73.00 7228 72.81 6348 ,6345 61.72! 60.50
TSC SREA [9] 70.10 169.65 69.40 | |F3,34%i ! 68.64 6602 65.67 48.81 148.80 45.72, 55.21
&  Scale-T [47] 70.40 68.06 66.51 :-352_0/:3-: 7777 17671 7597 63.21 [63.40 60.771 67.64
NLL Condm 7128 17127 _ 70041 - -SCC! 8029 78.59 7552 68.02 '6631 64.311 72.00
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Data Sample # of # of Sakiecl  Groa Cross Total  Interval Window  Slide Total

Frequency Features Classes ° Ject PS validation Intervals Length Length Length Segments

fNIRS 5.2Hz 3 2 68 4 12 4,080 38.46s 4.81s 0.96s 146,880

HHAR 50Hz 6 6 9 3 6 5.400 60s 4s 2s 156.600

Sleep 100Hz 2 5 154 3 6 6,000 40s 2.5 1.25s 186,000

SEEG 250Hz 1 2 8 4 3 8,000 16s Is 0.5s 248,000




Model Comparison

% fNIRS [31] HHAR [7] Sleep [37] SEEG
Model 0%  20% 40% oo - - 0%  20% 40% 0% 20% 40%  raw
————————————— t -y = 1

MS-TCN2 [42] '70.48 7099 69.40| competitive 69.79 6672 6229 6007 59.03 56.17 61.88

TAS  ASFormer 7169 7075 69.18| performance | 6252 6092 6077 59.09 5552 5389 5671
DiffAct 5]  '71.15 69.72 6545L-—_ - _ - ! 56.76 53.86 50.63 49.12 43.32 3886 60.62
MiniRocket [[3] 6128 6041 57.87 7034 6332 5925 6200 6175 5838 62.39

TSC TimesNet 6747 6539 6345 7207 7019 6676 5950 5772 5573 50.99
PatchTST (51|~ 51.79 5538 52.67 .- ———-_ 5200 4546 4569 5840 56.16 53.05 58.45

53.07 51.32' 53.19

. 61.63 5834, 60.53
65 . el 6345 672! 60.50
e iV, Consistent 8.80 45.72! 551
“"0: 41% 6085 P3.4o 60.771 67.64
— N/ N |
S \:0.‘ T:‘:‘ Label Substitution Experiment 59'3"- - 830 7200
- X ‘04 : : '6.45% 1 |
o 0’0‘ \}.0‘ e Verify the effectiveness of the label L !
55 \:‘3 \:’:‘ ' .‘, harmonization process on SEEG data.
Y % 4 T.“ lllde Total
\"“ \}"‘ :. ‘4 ngth  Segments
0 %S e NN 96 146880
MiniRocket PatchTST  TimesNet 255 186,000
).5s 248,000




Case Study

B True Positive [ False Positive [ False Negative Boundary <— | B True Negative
C-score: 0.930 | (a) Con4m /'\
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» Con4m demonstrates a more coherent narrative by constraining the prediction
behavior and aligning with the contextual data information.

» Condm accurately identifies the consistent boundary within the time interval
spanning across two classes.




Conclusion

1 We are the first to propose a practical consistency learning framework Con4m for the segmented TSC
based on the raw MVD.

By comprehensively integrating prior knowledge from the data and label perspectives, we guide the
model to focus on effective contextual information.

1 Based on context-aware predictions, a progressive harmonization approach for handling inconsistent
training labels is designed to yield a more robust model.

1 Extensive experiments on three public and one private MVD datasets demonstrate the superior

performance of Condm.
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