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Introduction

* Decoding Medical Timeseries is hard

Regular Time Series Vs. Medical Time Series

*  Physically or mechanically Nature of signals * Biophysiological and multi-
generated (e.g.,weather,traffic) source (e.g., EEG, ECG, EMG)

« Stable statistical patterns, Data consistency ¢ High inter-subject variability,
often stationary non-stationary dynamics

* Approximate prediction Error tolerance *  Misinterpretation may lead to

acceptable clinical risk



Motivation

Early knowledge integration in medical modeling:
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Motivation

Limited inspiration for decision-making

Timestamp

Other Descriptions

( <dataset description>

### Domain:
##t# Instruction: <task information>
### Input statistics:

<time series statistic 1>
\<time series statistic 2> e«

2016/7/1 00:00:00

2016/7/1 23:00:00

Begin of day

Warm-up device

2016/7/2 00:00:00
2016/7/2 01:00:00

&" 2016/7/2 15:00:00

ment length

PO Warning
Cooling device

J

(a) dataset descriptions and
sample statistics

\\

Default Prompt /

This is the series l
from 2016/7/2 00:00:00 |
to 2016/7/2 15:00:00 |
<EOS> |

< - -
N variable text length  ~
~ ”

. Warning ....

GAP

This is the series with |
interval in Thour. |
It has undergone: PO |
<€0s> |

Embedding
r([ Prompts ]-[ LLM }-—ﬂ of <EOS>
; ;

(b) timestamp information

®:: oo i
M

Sleep Analysis - EEG

e : By

A\m \‘quﬂ.‘/ \f\ / “N (T V} F v H} ‘.Jw,r i y ! rl‘ﬁ b A\

i € )IRRlIltEl'Vﬂl l

l“ i

spindle ¢ _

Cardiac Assessment - ECG

A
'f

Normal Cardiac Rhythm

‘ :' = ': \ Widened QRS complex «—~ "~ 7
o) | i,
A WA wﬂ’\ ‘\W’ A ;JU LLLgA \. i

| \ \ z“‘

\ /i M /
\h "
e |_> Stow wave Normal QRS complex u

Abnormal Cardiac Rhythm

Knowledge
Inspiration
+ @DThe clearly distinguishable @
indicates

@A broad ORS complex may 1ndlcate the

presence of a ventricular arrhythmia...

"R

Figure 1: Task-relevant indicators provide critical
cues for physiological state interpretation in sleep
analysis and cardiac assessment.

automatically detect medical indicators are
not perfectly accurate,

but easy to extract and extremely useful for
medical decision-making.

However, current LLM-based methods do
not make use of this information at all.



Motivation

@ EHEES

* What kinds of promptable knowledge are most effective for decoding

medical time series?

» Existing prompts lack task-specific, discriminative cues that experts actually
rely on.

= The challenge is to identify what type of knowledge truly drives physiological
interpretation.

* How to robustly integrate time series and suboptimal text prompts?
= Text prompts may be incomplete or inaccurate.

= A robust model must still align and learn meaningful cross-modal
representations even when the

InDiGO — designed to integrate indicator-guided prompts and optimize their diversity and alignment through an
evolutionary learning process.
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Method

* LLM predicts the target conditioned on both the series and a text
prompt .

Pum(Y) = E(symp(s,t) [Prm(Ys, 1)) - ZEf~1>(f| [Prm(Y|si, t)]

In practice, we approximate the whole text distribution with a single
suboptimal text — this infroduces bias

Bias(M) = E[Pr s (yi|si t)P(t|s;)] — /PLLU(l/z|51 P(t|s;)dt

Based on the aforementioned indicator-guided prompts, we obtain an initial text sample 9 corre-
sponding to s;, which serves as a coarse approximation of the optimal text ¢;. However, even so,
manually designed prompts inevitably introduce bias in the estimation of the marginal likelihood.
To mitigate this limitation, we aim to construct and perform multiple importance samplings from a
simple distribution ¢([tY) that is both computationally tractable and closer to the optimal distribution|
tr, thereby replacing infeasible enumeration with sampling-driven surrogate approximation.



Method

1. Signal tokenization (patching)

S; = SeriesEnc(s}, s?, —— siLS, [CLS?])

2. Indicator-Guided Prompt Construction

3. Masked Monte Carlo Importance Sampling
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[Task Instruction]: Given this 30 seconds of
EEG and EOG signals, identify the current sleep
stage.

[Signal Statistics]: The peak power of current
EEG and EOG are at <EEG peak value>

Hz and <EOG peak value> Hz severally.
[Indicator]: There are <slow wave num> slow
waves present here ...

Inter-Indicator Relations

! ! RR interval

ECG-I ! s L.

ECG-I QRS length

[Task Instruction]: Given this 5 seconds current
12-lead ECG signals, identify the current
arrhythmia phenotyping.

[Signal Statistics]: The current heart rate is

heart rate> beat per minute.

[Indicator]: The distances between the R peaks
are <RR list>. The lengths of QRS waves are
<ORS length> and the distances between the P
peaks and R peaks are <PR lisr....

% Masked
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1.2 The distances between the R peaks |
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Method: matceh Alignment + Diversity Optimization

e Series-Text Interaction:
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Results

* General pre-trained models underperform due to their lack of
physiological signal awareness, while task-specific models benefit
from prior knowledge integration.
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Sleep-EDF-78

Sleep-EDF-20

Methods

Acc. Macro F1 Kappa Acc. Macro F1 Kappa
TF-C [48] 9424139 2604021 30744152 53904408 26004200 293524645
SimMTM [7] 0091 £1.89 53214195 53254202 6300£26]7 STUFL£213 5307 £342
OneFitsAll [49] 72.60 £1.51 61.61 £5.80 61.81 £3.50 68.50+2.19 54.24+1.96 55.21 £3.07
Time-LLM [12] 80.31 £2.63 71.64 +£3.02 70.22+2.84 78.08+2.96 66.09 £3.25 68.04 £3.14
KEDGN [24] 74.89 +3.86 64.29 £3.36 64904546 70.34 £1.85 58.59+2.74 57.47 +2.56
MiniRocket [3] 81.60 £1.55 72.82+£2.01 72779196 78.36+1.93 70.18+2.35 69.46+2.46
BIOT [43] 81.86 +4.41 75.29 447 75.14+£6.00 77.15£3.04 69.36 +4.13 68.26 +4.36
TinySleepNet [38]  83.64 £2.31 77.54£2.55 77.63+£2.29 83.49+2.24 76.64+2.61 76.41+2.59
XSleepNet [32] 8093234 “T6I1L259 74314232 Ql33E230 7T528X266 “T544.+L237
L-SeqgSleepNet [33] 82.90+2.12 74.90+2.22 7647 +2.24 80.84 +2.18 72.67 £2.38 74.94 +2.51
SleepHGNN [10] 81.15+£1.96 T288L2 17T “T335+£2.16 TIi3S5£213 6956+£2.3% 68.65+2.41
SleepKD [21] 82.44 £2.40 7411272 76.87 £2.63 80.19£2.85 72.65+2.84 74.86+2.93
SleepDG [42] 81.92 £2.27 74774 £2.53 76.43 £2.47 79.95+£2.42 72.21+2.59 74.16£2.68
Brant-X [47] 84.58 £1.98 77.63+2.13 79.29 +2.18 82.84 +2.21 77.04 +2.30 76.67 +2.49
InDiGO 89.04 +1.80 80.53 +1.77 84.91+2.51 86.79+1.90 81.12+1.88 81.60 +2.89




