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Abstract

Intraoperative hypotension (IOH) poses significant surgical
risks, but accurate prediction remains challenging due to
patient-specific variability. While test-time adaptation (TTA)
offers a promising approach for personalized prediction, the
rarity of IOH events often leads to unreliable test-time train-
ing. To address this, we propose CSA-TTA, a novel Cross-
Sample Augmented Test-Time Adaptation framework that
enhances training by incorporating hypotension events from
other individuals. Specifically, we first construct a cross-
sample bank by segmenting historical data into hypotensive
and non-hypotensive samples. Then, we introduce a coarse-
to-fine retrieval strategy for building test-time training data:
we initially apply K-Shape clustering to identify representa-
tive cluster centers and subsequently retrieve the top-K se-
mantically similar samples based on the current patient sig-
nal. Additionally, we integrate both self-supervised masked
reconstruction and retrospective sequence forecasting sig-
nals during training to enhance model adaptability to rapid
and subtle intraoperative dynamics. We evaluate the pro-
posed CSA-TTA on both the VitalDB dataset and a real-
world in-hospital dataset by integrating it with state-of-the-
art time series forecasting models, including TimesFM and
UniTS. CSA-TTA consistently enhances performance across
settings—for instance, on VitalDB, it improves Recall and
F1 scores by +1.33% and +1.13%, respectively, under fine-
tuning, and by +7.46% and +5.07% in zero-shot scenar-
ios—demonstrating strong robustness and generalization.

Code — https://github.com/kanxueli/CSA-TTA

Introduction

Intraoperative hypotension (IOH) — typically defined as
blood pressure falling below a critical threshold for a sus-
tained period (Dong et al. 2024; Wesselink et al. 2018)—is
a common but serious complication during surgery. It is
strongly associated with adverse outcomes such as acute
kidney injury, myocardial infarction, stroke, and even mor-
tality (Jeong et al. 2024; Lee et al. 2021). Accurate and
timely prediction of IOH is critical for enabling early in-
terventions before blood pressure drops to dangerous lev-
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Figure 1: An illustrative comparison. Standard TTA, relying
on recent stable history, often produces overly smooth pre-
dictions and misses sudden changes. CSA-TTA leverages a

cross-sample augmented dataset to capture diverse temporal
patterns, enabling personalized IOH prediction.

els (Hwang et al. 2023; Yoon et al. 2020), thereby re-
ducing both the incidence and severity of these adverse
events (Mukkamala et al. 2025). However, due to the com-
plex, dynamic, and highly patient-specific nature of physi-
ological responses during surgery, reliable IOH prediction
remains a significant challenge despite advances in intraop-
erative monitoring and machine learning.

Recent studies have explored various methods to im-
prove IOH prediction (Shi et al. 2023a; Sidiropoulou et al.
2022; Lee et al. 2018). For instance, CMA (Lu et al. 2023)
employed attention mechanisms to capture temporal and
feature-level dependencies, while HMF (Cheng et al. 2024)
integrated contextual, physiological, and temporal features.
However, the ability of these models to generalize remains
limited by individual differences in patients’ physiology and
the influence of clinical interventions (e.g., anesthesia or
drug administration) (Cai et al. 2025; Mohammadi et al.
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Figure 2: The main proposed CSA-TTA framework. It comprises three key steps: (1) Cross-sample bank construction, (2)
Coarse-to-fine retrieval, and (3) Multi-task optimization.

2024; Li et al. 2022). These factors introduce implicit dis- Our main contributions are twofold: 1) To the best of our

tribution shifts in real-time signals that are typically poorly knowledge, this is the first attempt to apply test-time adap-

captured by population-level models. tation for personalized IOH prediction. 2) We propose CSA-
TTA offers a promising paradigm to tackle such distri- TTA, which introduces a cross-sample bank, a coarse-to-

bution shifts by adapting models using test data during in- fine retrieval strategy, and multi-task optimization. Together,

ference (Liang, He, and Tan 2025). Techniques such as these components enable robust test-time adaptation for per-

TTT (Sun et al. 2020) and TTT++ (Liu et al. 2021) lever- sonalized IOH prediction, despite the extreme scarcity of in-

age self-supervised auxiliary tasks to refine models at infer- dividual IOH events during surgery.

ence time and have shown effectiveness in fields like com-

puter vision (Karmanov et al. 2024; Lim et al. 2023) and Related Work

NLP (Shi et al. 2024). In the context of IOH, TTA holds po-
tential for personalizing predictions by utilizing recent pa-
tient history to dynamically adjust to individual physiolog-
ical patterns. Despite its promise, standard TTA struggles
due to the rarity of hypotensive events. For example, in the
VitalDB dataset (Lee et al. 2018), hypotension accounts for
just 12.6% of all samples, with the majority of patients expe-
riencing it in less than 10% of the surgical timeline. Standard
TTA, which typically relies on single-sample adaptation, of-
ten fails to detect sudden blood pressure drops, especially
when such transitions are not present in the current patient’s
history. As shown in Figure 1, these methods yield overly
smooth predictions and underperform during abrupt physio-
logical changes caused by clinical interventions.

To overcome these limitations, we propose cross-sample
augmented test-time adaptation (CSA-TTA) for personal-

Intraoperative Hypotension Prediction IOH prediction
is critical for timely intervention and reducing postopera-
tive risks (Dong et al. 2024; de Keijzer et al. 2024; Meng
et al. 2018). With the growing availability of continuous
physiological data, many deep learning models have been
developed, following (Mukkamala et al. 2025; Mohammadi
et al. 2024). The first treats IOH prediction as a classifica-
tion task based on time series inputs, but suffers from lim-
ited interpretability and sensitivity to varying clinical def-
initions (Jeong et al. 2024; Yoon et al. 2020). The second
forecasts continuous blood pressure trajectories, followed
by post hoc IOH detection, offering improved flexibility but
still struggling with patient-specific variability and intraop-
erative distribution shifts—factors that undermine robust-
ness in real-world deployment (Cheng et al. 2024).

ized IOH prediction. As depicted in Figure 2, CSA-TTA first Test-time Adaptation TTA is a paradigm for mitigating
builds a cross-sample bank by partitioning historical data distribution shifts between training (source) and test (target)
into hypotensive and non-hypotensive segments, increasing data, enabling models to adjust to new data distributions dur-
the availability and diversity of critical training signals. To ing inference (Liang, He, and Tan 2025). The foundational
retrieve relevant samples efficiently, we design a coarse-to- approach to TTA is TTT (Sun et al. 2020), which incor-
fine strategy: K-Shape clustering (Paparrizos and Gravano porates self-supervised auxiliary tasks during inference to
2016) is used to identify representative cluster centers in the update model parameters and enhance generalization under
coarse stage, followed by fine-grained retrieval of the top- distribution shift. Building on this, TTT++ (Liu et al. 2021)
K semantically similar samples based on the patient’s cur- systematically analyzes the scenarios where self-supervised
rent data. These retrieved samples—optionally augmented test-time training is effective or limited, and proposes strate-
with perturbations—are combined with the patient’s signal gies to improve its stability and robustness. These methods
to form a balanced and representative adaptation set. Finally, have shown success in various fields, such as vision (Kar-
CSA-TTA employs a multi-task optimization strategy, in- manov et al. 2024) and language (Tan et al. 2025; Shi et al.
corporating both self-supervised masked reconstruction and 2024). Despite its potential, standard test-time adaptation
retrospective forecasting to improve model adaptability to struggles in IOH prediction due to rapidly shifting patient-
subtle and rapid intraoperative dynamics. specific physiological signals and rare IOH events.
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Method

In this section, we detail CSA-TTA for personalized IOH
prediction. As illustrated in Figure 2, CSA-TTA com-
prises three key components: cross-sample bank construc-
tion, coarse-to-fine retrieval, and multi-task optimization.

Problem Formulation

Let X € REXC represent a multivariate time series of a pa-
tient’s vital signs, where L is the lookback window length
and C' is the number of variables (e.g., mean arterial pres-
sure, body temperature, heart rate, ECG). The objective of
IOH prediction is to forecast the blood pressure sequence
Y € R'YH over the next H time steps using a model Fj:
Y = Fy(X). Traditional models aim to learn the condi-
tional distribution P(Y'| X'), assuming that the observed fea-
tures X fully capture the relevant physiological dynamics.
However, unmeasured patient-specific factors and subtle sig-
nal shifts—denoted as Xjyen—can significantly affect blood
pressure. The true target distribution is thus better repre-
sented as P(Y'| X, Xjaent)-

Since Xjaen 18 NOt observable at inference, models trained
only on X often suffer from distributional mismatch, lead-
ing to poor generalization—especially in the presence of in-
dividualized IOH patterns. Test-time adaptation (TTA) ad-
dresses this by leveraging a patient’s recent history Dhyg to
infer latent physiological context, implicitly aligning predic-
tions with:

P(Y|X) P(Y|X7 Xlatent)- (1)

Here, P(X, Xjaent | Dhist) serves as an empirical posterior
over latent dynamics, estimated from the patient’s trajec-
tory. However, due to the episodic and sparse nature of hy-
potension, short-term patient data often lacks sufficient hy-
potensive information. To address this, we posit that patients
with similar physiological profiles exhibit similar intraoper-
ative responses. Thus, we extend the adaptation context us-
ing cross-sample retrieval:

P(X7 Xlatent|Dhisl) ~

(@)

where R (Duigy) is a set of retrieved cross-sample segments
that are temporally and semantically aligned with the current
patient trajectory. This strategy enriches the adaptation sig-
nal with personalized priors from similar patients, enabling
more robust estimation of P(Y|X, Xjyent), €ven in the ab-
sence of local hypotensive events.

P(X, Xjatent | Dhist) ~ P(X, Xiatent| R(Dhist))

Cross-Sample Bank Construction

CSA-TTA introduces a cross-sample bank to enrich the di-
versity of temporal patterns. Specifically, it first segments
physiological time series data from all patients in the his-
torical dataset into fixed-length fragments, forming a cross-
sample bank B. The original intraoperative hypotension
dataset is denoted as:

where N is the total number of samples, X, represents the
n-th time series sample, and Y,, denotes the corresponding
label. Each sample derived from D is represented as s =

nl’
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Figure 3: Illustration of the key steps in applying CSA-
TTA for personalized IOH prediction. (1) Domain knowl-
edge adaptation, (2) CSA-TTA, and (3) Sequence prediction
and IOH detection.

(Xn,Y,), where z is a contiguous input subsequence and y
is its label/future sequence. The cross-sample collection B is
then partitioned into two subsets based on the occurrence of
hypotensive events, i.e.,

B= Bhypo U Bnon»hyp(r 4

A hypotensive event is defined as a mean arterial pressure
below 65 mmHg lasting at least one minute (Shi et al. 2023b;
Wesselink et al. 2018). During adaptation, CSA uses the
target patient’s historical data to retrieve semantically rel-
evant segments from a cross-sample bank, effectively com-
bining personalized patterns with population-level insights.
This strategy improves the model’s ability to handle sudden
state changes and enhances generalization.

Coarse-to-Fine Retrieval

Direct retrieval of relevant samples from the cross-sample
bank can be computationally expensive for large datasets.
To alleviate this, we propose a coarse-to-fine retrieval strat-
egy that enhances effectiveness while preserving relevance.
It employs an adaptive context window to process the pa-
tient’s streaming vital data. At each time step ¢, a present
window of length m is defined as the test window, while the
previous window of the same length serves as the history
window, denoted as:

hist
wpe

mit —

&)

where z; € R represents the C-dimensional vital signals
collected at time ¢, and each window contains multiple time
series samples.

Coarse-grained Retrieval. To efficiently narrow the
search space, CSA-TTA conducts clustering separately on
the hypotensive subset Byypo and the non-hypotensive sub-
set Bron-hypo- Specifically, the K-Shape clustering(Paparrizos
and Gravano 2016) is employed independently on each sub-
set to identify representative cluster centroids. K-Shape is
particularly well-suited for physiological time series data
due to its shape-based clustering approach, which aligns
temporal dynamics of sequences without requiring explicit
time warping or amplitude normalization(Moe et al. 2023;
Yang et al. 2017). When a query sample s from the adaptive
context window W/st  is available, CSA-TTA first deter-
mines its category and then computes its similarity to the

[xt my .. 7xt71]7



cluster centroids of the corresponding subset. The query is
then assigned to the cluster with the most semantically rele-
vant centroid, thereby localizing its nearest temporal neigh-
borhood within the large cross-sample bank.

Fine-grained Retrieval. CSA-TTA refines the candidate
selection by computing the semantic similarity between the
query sample s and all samples within the cluster identified
during the coarse retrieval phase from the cross-sample bank
B. We employ Dynamic Time Warping (DTW) (Berndt and
Clifford 1994; Senin 2008) as similarity metric for cross-
sample retrieval. DTW measures the optimal alignment be-
tween two time series, allowing it to capture temporal shifts
and variations, making it effective for identifying similarities
in physiological signals (Bringmann et al. 2024). The top-K
samples with the highest similarity scores are then retrieved
to form a refined candidate set. Formally, the refined candi-
date set Diyetrieval 1S given by:

Dyctrievat = {7 € B,s € W, | 7 € TopK (B,DTW (r,5)) }

(0)
where TopK(B, DTW(-,-)) denotes the subset of K sam-
ples from B having the highest semantic similarity scores
with the query s, and DTW(,-) is a semantic similarity
function between time series samples. The retrieved samples
are further augmented with perturbations (e.g., Gaussian
noise, temporal scaling) to increase variability and better
simulate potential patient-specific variations. At each adap-
tation step, we construct a cross-sample augmented dataset
by combining the patient’s own history window with these
augmented reference samples:

'DtCSA_TTA — Wthljl LU Aug(Dretrieval)’

m:

N

Multi-task Optimization

We adopt a multi-task optimization framework, i.e., the
model is refined through two learning objectives: self-
supervised masked reconstruction and retrospective se-
quence forecasting. As shown in Figure 2-(3), the archi-
tecture includes a shared feature encoder fy, and two task-
specific branches: hy for the primary prediction task and gy
for the auxiliary self-supervised task.

The complete model is denoted as Fy = (fy, hg, g9). For
self-supervision, we employ a masked reconstruction objec-
tive, a lightweight yet effective strategy for enhancing time-
series representation learning (Nie et al. 2023; Woo et al.
2024). The model is trained to minimize a combined loss:

N
1
min — L re Xn,yn7 ,h +»C econ Xn; ) .
Jmin an::l Pred ( fo,ho) + Lrecon(Xn; fo, 90)
®
The total loss Lcsa.tta 1S computed over the cross-sample
adaptation dataset, and model parameters are updated via

gradient descent:

0+ 0 —nVoLcsaTrA, 9

where 7) is the learning rate. To preserve generalization
while enabling personalization, only a subset of parame-
ters—typically in the input, output, and normalization lay-
ers—are updated during adaptation (Kang et al. 2024).
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CSA-TTA supports two modes: fine-tuning and zero-shot.
In the fine-tuning setting (Figure 3-(1)), both the main and
auxiliary tasks are jointly fine-tuned offline before test-time
adaptation, following (Sun et al. 2020). In contrast, the zero-
shot mode eliminates the need for offline fine-tuning or ar-
chitectural changes; test-time adaptation is performed di-
rectly via retrospective regression. This allows CSA-TTA to
remain effective even when auxiliary task training is imprac-
tical or historical data is unavailable.

To handle uncertainty and signal fluctuations during pre-
diction, we implement a hybrid mechanism (Figure 3-(3)).
Predicted blood pressure sequences are converted into point-
wise risk scores representing the probability of MAP falling
below a clinical threshold. We then apply two triggers: a
hard trigger to detect sustained hypotensive periods and a
soft trigger that evaluates average risk in sliding windows.
These are combined to produce a final probabilistic estimate,
balancing clinical reliability with model flexibility.

Experiments
Experimental Setups

Dataset. We conduct experiments using the VitalDB
dataset, a real-world clinical database collected at Seoul Na-
tional University Hospital. It contains vital sign data from
6,388 patients who underwent noncardiac surgeries between
June 2016 and August 2017 (Lee et al. 2018; Shi et al.
2023b). From the raw records, we extract temporal features
such as mean arterial pressure, body temperature, and heart
rate, consistent with prior studies (Lu et al. 2023). Rigor-
ous quality control is applied to exclude cases with over
20% missing or abnormal values, as well as surgeries last-
ing less than one hour. This results in a curated dataset
of 2,150 patient cases. To assess the impact of temporal
resolution, the data are sampled at both 2-second and 30-
second intervals. The dataset is split at the patient level into
training (70%), validation (20%), and test (10%) subsets.
The training and validation sets are primarily used for of-
fline fine-tuning. The training set also serves to construct
the cross-sample bank required for test-time adaptation. The
test set is reserved exclusively for evaluating model perfor-
mance under test-time adaptation using CSA-TTA. In ad-
dition, we utilize a real-world clinical dataset from a col-
laborating hospital. The in-hospital test data are fully de-
identified, and all experiments are conducted in compliance
with the institution’s ethical review and data governance pro-
tocols. These data were collected from standard clinical de-
vices—including blood pressure monitors, ventilators, and
infusion pumps—and processed using the same quality con-
trol procedures as VitalDB. This dataset is sampled at one-
minute intervals and comprises 130 cases for evaluation,
with a additional 910 cases used exclusively to construct the
cross-sample retrieval bank for test-time adaptation.

Baselines. We use two state-of-the-art pre-trained time se-
ries models as backbones: TimesFM (Das et al. 2024), a
decoder-only foundation model trained on a large corpus of
real and synthetic time series, and UniTS (Gao et al. 2024), a
unified multi-task model designed for diverse time series ap-
plications. We compare against two test-time training base-



(a) Zero-shot Setting

Model \ VitalDB (25) \ VitalDB (30S)
| F11 Rect Prect Acct MAE| MSE|| F11 Rect Prect Acct MAE| MSE|
Test(Das et al. 2024) | 62.40 64.97 60.53 88.07 6.19 83.61|64.17 58.87 70.87 87.60 6.49 92.77
TimesFM CSA-TTA (Ours) | 64.10 66.09 62.88 88.40 6.07 80.55| 64.90 59.27 72.20 87.93 6.28 85.28
A(%) A1.70 A1.13 A2.35 A0.33 A1.94 A3.66|A0.73 A0.40 A1.33 A0.33 A3.24 A8.07
Test(Gao et al. 2024)| 49.67 44.83 58.44 87.53 7.36 98.88]52.23 43.24 71.14 8547 7.32 99.96
Units ~ CSA-TTA (Ours) | 54.53 52.50 59.32 88.03 7.22 96.62| 57.30 50.70 66.56 85.83 7.19 95.84
A(%) A4.87 A7.67 A0.88 A0.50 A1.90 A2.29|A5.07 A7.46 v4.58 A0.36 A1.78 A4.12

(b) Fine-tuned Setting

Model \ VitalDB (2S) \ VitalDB (30S)
| F11 Rect Prect Acct MAE| MSE|| F11 Rect Prect Acct MAE| MSE|
Test(Das et al. 2024) | 64.20 64.93 65.13 89.13  6.03 77.87| 65.80 62.67 69.97 87.77 5.94 76.27
TTT(Sun et al. 2020) | 64.00 64.77 64.79 89.07 6.02 77.70| 65.77 62.63 69.93 87.77 5.94 76.28
TimesFM TTT++(Liu et al. 2021)| 64.10 64.80 65.13 89.13  6.02 77.68| 65.80 62.60 70.00 87.80 5.93 76.19
CSA-TTA (Ours) 64.83 65.99 65.42 89.40 5.94 76.19| 66.07 62.33 70.97 88.03 5.82 72.93
A(%) A0.63 A1.06 A0.28 A0.27 A1.49 A2.16/A0.27 v0.34 A1.00 A0.26 A2.02 A4.38
Test(Gao et al. 2024) | 64.60 63.93 67.13 89.50 5.80 71.65|63.83 59.07 70.00 87.97 6.37 81.77
TTT(Sun et al. 2020) | 64.64 63.67 67.48 89.57 5.82 71.58|63.47 55.23 76.09 88.07 6.33 81.20
Units ~ TTT++(Liu et al. 2021)| 64.71 63.90 67.39 89.53 581 71.45|63.17 56.66 73.23 88.00 6.30 81.20
CSA-TTA (Ours) 65.73 65.27 68.13 89.70 5.72 70.07| 65.57 59.93 72.88 88.47 6.23 79.31
A(%) A1.13 A1.33 A0.99 A0.20 A1.38 A221|A1.74 A0.86 A2.88 A0.50 A2.20 A3.01

Table 1: Performance comparison under different adaptation settings: (a) zero-shot setting; (b) fine-tuning setting. All results are
averaged over three predict horizons (5, 10, and 15 minutes), using a fixed lookback length of 15 minutes. The best performance
is highlighted in bold, and the second-best is underlined. Metrics with the 1 symbol (e.g., F1, Recall) indicate higher is better,
while those with | (e.g., MAE, MSE) indicate lower is better. Performance changes are marked with A for improvement and

for degradation.

lines: TTT (Sun et al. 2020), which adapts the model dur-
ing inference via a simple self-supervised task (e.g., rotation
prediction) to mitigate distribution shifts, and TTT++ (Liu
et al. 2021), which enhances this by incorporating feature
alignment to improve robustness and reduce catastrophic
forgetting during adaptation.

Implementation Details. We evaluate model performance
using both regression and classification metrics. For re-
gression, we use Mean Absolute Error (MAE) and Mean
Squared Error (MSE). For classification, we report Accu-
racy, Recall, Precision, and F1-score. For all experiments,
we set the lookback window length L to 15 minutes and vary
the forecast horizon H among 5, 10, and 15 minutes. Dur-
ing the fine-tuning stage, models are trained on training data
for 10 epochs with a learning rate of 1 x 10™4, batch size
of 64, and dropout rate of 0.01. During test-time adaptation,
models are updated for one epoch in the fine-tuning setting
and three epochs in the zero-shot setting. We apply a par-
tial fine-tuning strategy, where only the parameters in the in-
put layer, output layer, and layer normalization layers of the
backbone are updated, to balance adaptability with general-
ization. To ensure fairness, the same architecture and hyper-
parameter configurations are applied across all datasets. All
experiments were accelerated by four NVIDIA A100 GPUs.
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Performance Comparison

Zero-Shot Setting. In the zero-shot setting, where no fine-
tuning is performed before test-time adaptation, CSA-TTA
achieves significant improvements. As shown in Table 1(a),
TimesFM + CSA-TTA improves Recall by 1.13% and F1
by 1.70% on VitalDB(2S). Units + CSA-TTA shows even
greater performance, with Recall increasing by 7.46% and
F1 improving by 5.07% on VitalDB(30S). Similar improve-
ments are observed on the in-hospital test set, Units + CSA-
TTA improves Recall by 9.56% (43.77% — 53.33%) and
F1 by 7.70% (56.10% — 63.80%), as shown in Table 2.
This substantial improvement in Recall and F1 is clini-
cally significant for intraoperative hypotension prediction,
allowing it to more effectively identify hypotension events
and reduce missed diagnosis risks. Additionally, CSA-TTA
demonstrates notable regression performance, with reduc-
tions in MAE and MSE of 3.24% (6.49 — 6.28) and 8.07%
(92.77 — 85.28) on VitalDB, and 4.17% (6.00 — 5.75) and
5.28% (88.02 — 83.37) on the in-hospital test set, respec-
tively. These improvements underscore CSA-TTA’s ability
to effectively address the challenges of personalized IOH
dynamics, enhancing predictive accuracy and reducing re-
gression errors by adapting to rapid signal shifts and rare
hypotensive events.



Model \ TimesFM(Das et al. 2024) \ UniTS(Gao et al. 2024)
‘ F11 Rec? Prect Acct MAE| MSEH F11 Rect Prect Acct MAE| MSE|
Test 70.23 60.77 83.28 86.63 6.00 88.02|56.10 43.77 80.09 82.93 6.45 91.97
Zero-shot Random samples | 70.30 60.70 83.53 86.57 5.93 86.40| 56.17 42.03 85.43 83.10 6.40 90.12
CSA-TTA (Ours)| 71.60 62.44 84.03 87.20 5.75 83.37| 63.80 53.33 80.43 84.47 6.30 88.69
A(%) A1.37 A1.67 AO.75 AOQ.57 A4.17 AS5.28|A7.70 A9.56 A0.34 A1.54 A2.33 A3.57

Table 2: Performance comparison on the in-hospital test set. All results are averaged over prediction horizons (5, 10, and 15

minutes), using a fixed 15-minute lookback window.

Config \ VitalDB Dataset
Horizon |Pred Recon| F11 Rect Prect Acct MAE| MSE|
X v 70.00 71.90 68.20 91.50 4.82 55.81
Smin v X 70.60 71.40 69.80 91.80 4.79 54.08
v v 70.60 71.60 69.70 91.80 4.77 53.17
X v 64.60 60.50 69.30 87.30 6.20 82.14
10min |/ X 64.40 59.50 70.20 87.40 6.15 80.49
v v 64.70 60.80 69.20 87.50 6.05 77.60
X v 62.80 55.30 72.70 84.60 6.70 90.02
15min |/ X 62.80 54.59 74.00 84.80 6.69 89.29
 / 62.90 54.60 74.00 84.80 6.64 88.02

Table 3: Ablation study on multi-task optimization. Perfor-
mance of TimesFM in the fine-tuning setting using differ-
ent optimization strategies: Pred (supervised prediction) and
Recon (self-supervised masked reconstruction).

Fine-Tuning Setting. CSA-TTA shows consistent im-
provements across all performance metrics. As shown in
Table 1(b), TimesFM + CSA-TTA improves Recall by
1.06% and F1 by 0.63% on VitalDB (2S), surpassing
all other test-time adaptation methods. Units + CSA-TTA
achieves even greater gains, with Recall increasing by
1.33%, F1 by 1.13%, Precision by 0.99%, and Accuracy
by 0.20%, demonstrating consistent improvements across
multiple metrics. Similar trends appear on VitalDB (30S),
where Units + CSA-TTA raises Recall by 0.86% and F1 by
1.74%. Regarding regression metrics, CSA-TTA further im-
proves performance, with the TimesFM-based model reduc-
ing MAE and MSE by 2.02% and 4.38%, respectively, on
VitalDB (30S). These improvements, particularly in Recall,
are clinically significant. In intraoperative hypotension pre-
diction, higher Recall reduces false negatives—missed hy-
potensive events that can lead to myocardial injury or death.
Even modest Recall gains can improve patient outcomes.
CSA-TTA enhances Recall while maintaining stable Preci-
sion, helping to reduce unnecessary interventions.

Case Study. To compare CSA-TTA with the baseline,
we evaluate vanilla TimesFM and TimesFM + CSA-TTA
on two VitalDB (2S) cases. At the 5-minute horizon (Fig-
ure 4a), the static model smooths the blood pressure drop,
while CSA-TTA—guided by cross-sample retrieval and
multi-task adaptation—closely follows the ground truth.
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Config | Zero-Shot Setting
Model |Top-K| F11 Rect Prect Acct MAE| MSE|
1 64.57 58.83 71.97 87.83  6.32 86.96
TimesFM |2 64.73 59.03 72.13 87.80  6.27 86.28
3 64.90 59.27 72.20 87.93 6.28 85.28

Table 4: Ablation study on Top-K of coarse-to-fine cross-
sample retrieval. Performance of the TimesFM backbone un-
der zero-shot settings.

Model #ToP #TuP #PuP  #Time(Avg)
TimesFM  477.36M  5.05M  1.06% 6.587s
Units 1.0OIM  0.05M  5.44% 1.688s

Table 5: Computational cost of CSA-TTA per epoch (30-
minute history window). “#ToP” and “#TuP” indicate the
total and fine-tuned parameter counts, respectively. “#PuP”
is the percentage of parameters updated, and “#Time” de-
notes the average wall-clock time per TTA epoch.

This advantage continues at the 15-minute horizon (Fig-
ure 4b), where CSA-TTA accurately captures the sharp de-
cline and rebound, reducing errors by more than half (MAE:
9.86 — 4.75; MSE: 129.75 — 30.88). These examples show
how incorporating patient-specific context at inference al-
lows TimesFM to model abrupt, individualized IOH dynam-
ics missed by static models.

Ablation Study

Multi-Task Optimization. Table 3 compares supervised
prediction optimization (“Pred”), self-supervised recon-
struction optimization (“Recon’), and their combination on
TimesFM under the fine-tuning setting across 5-, 10-, and
15-minute horizons. Multi-task optimization consistently
outperforms the single-task variants, achieving the best F1,
MAE, and MSE across all settings. It also yields the highest
Recall at the 10-minute horizons (60.80%). While single-
task setups occasionally show higher Recall—for instance,
“Recon”-only achieves 71.90% at 5 minutes—they perform
worse on other metrics. These results highlight the effective-
ness of multi-task optimization in adapting to personalized
intraoperative hypotension dynamics.
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Figure 4: Case study visualizations on VitalDB (2-second
sampling). TimesFM + CSA-TTA predicts 5-minute (top)
and 15-minute (bottom) horizons.

Top-K of retrieval. We ablate the Top-K hyperparame-
ter in the fine-grained retrieval stage of CSA-TTA using a
TimesFM backbone on VitalDB under zero-shot settings.
As shown in Table 4, with results averaged over 5/10/15-
minute horizons, increasing K yields improved or stable F1,
Recall, and regression errors. For example, Recall rises from
58.83 (K=1) to 59.27 (K=3), while MSE drops from 86.96
to 85.28. We therefore adopt K=3, which balances relevance
and diversity and improves robustness and accuracy.

Augmentation Strategy. Integrating the cross-sample
bank with small perturbations consistently enhances model
performance. As shown in Table 6, using the cross-sample
bank alone improves F1 by 0.5% (64.47% — 64.97%) and
Recall by 1.46% in the zero-shot setting on the VitalDB
dataset. Adding small perturbations further boosts perfor-
mance—under the fine-tuning setting, the combined ap-
proach increases Recall by 0.13% (62.20% — 62.33%) and
reduces MAE by 1.69% (74.19 — 72.93). These results
highlight that while each augmentation method offers in-
dividual benefits, their combination yields the best overall
performance.

Computational Cost. To assess the computational cost,
we report adaptation time in Table 5. By using partial fine-
tuning (updating only 1.06%-5.44% of parameters), it en-
ables efficient adaptation, with per-epoch latency as low
as 1.7 seconds for lightweight models and 6.6 seconds for
larger ones. This demonstrates its efficiency and practicality
for real-world deployment.
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Config ‘ VitalDB Dataset
Setting |Bank Aug| F11 Rect Prect Acct MAE| MSE|
X X |64.4758.67 71.90 87.80 633 86.70
Zeroshot|X ¢/ |642757.60 7297 87.83 627 85.66
/X 6497 60.13 71.13 87.77 6.26 85.03
/ / |64.9059.27 72.20 87.93 6.28 85.28
X X 6590 62.17 70.8287.90 5.87 74.79
fnetuned| X ¥ 65726138 71.4387.97  5.84 73.95
/X ]66.03 6220 71.10 88.00 5.85 74.19
v/ / |66.07 62.33 70.97 88.03 5.82 72.93

Table 6: Ablation study on data augmentation strategy. Per-
formance of TimesFM under zero-shot and fine-tuned set-
tings using different augmentation methods: Bank (cross-
sample bank) and Aug (perturbation-based augmentation).

Setting / Data | VitalDB Dataset
‘ F11 Recallt Prect Acct MAE| MSE|
Zero-shot Random |63.93 58.73 70.57 87.60 6.47 92.30
‘ CSA-TTA|64.90 59.27 72.20 87.93 6.28 85.28
Fine-tuned Random |65.73 62.13 70.3987.77 5.92 75.84
CSA-TTA|66.07 62.33 70.97 88.03 5.82 72.93

Table 7: Ablation study on personalized adaptation. Perfor-
mance of TimesFM + CSA-TTA with random data and per-
sonalized cross-sample data.

Personalized Adaptation. To validate the effectiveness of
personalized adaptation, we compare against a “Random”
baseline—CSA-TTA without personalized history or aug-
mentation, using the same number of randomly selected se-
quences from other patients. Table 7 shows that, on VitalDB
with TimesFM + CSA-TTA, F1 rises from 63.93 to 64.90
with a concurrent MSE drop from 92.30 to 85.28 in the zero-
shot setting, while fine-tuning yields smaller yet consistent
gains (F1: 65.73 — 66.07; MSE: 75.84 — 72.93). These re-
sults demonstrate that leveraging personalized history aligns
the model more closely with the target distribution than ran-
dom sampling.

Conclusions

We present CSA-TTA, the first test-time adaptation frame-
work specifically designed for personalized intraoperative
hypotension (IOH) prediction. CSA-TTA addresses the
challenges of individual IOH dynamics by leveraging a
cross-sample bank with a coarse-to-fine retrieval strategy to
provide richer temporal context during adaptation. It further
combines supervised and self-supervised objectives in a uni-
fied optimization framework to enhance adaptation stability
and effectiveness. Extensive experiments on two real-world
clinical datasets, using TimesFM and UniTS as backbones,
demonstrate that CSA-TTA consistently improves predic-
tion performance, offering a robust and efficient solution for
real-time, personalized monitoring in surgical settings.
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