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Abstract

Managing a portfolio of stocks in a volatile market requires decision making that
can adapt to changing market conditions. In the Indian stock market (NSE/BSE),
the pre-open session runs from 9:00 AM to 9:08 AM and provides a short
time period for adjusting existing positions before regular trading begins. Tradi-
tional prediction-based methods may not respond well when market conditions
change quickly. In this work, we propose a market-regime-driven contextual ban-
dit framework for selecting daily pre-market portfolio actions: Buy, Sell, or Hold.
Instead of using one model for all market conditions, the framework first divides
the market into three regimes of Bullish, Bearish, and Neutral using unsuper-
vised clustering of NIFTY 50 market features and technical indicators. For each
regime, we maintain an ensemble of four contextual bandit models: Linear Upper
Confidence Bound (LinUCB), Linear Thompson Sampling (LinTS), NeuralUCB,
and Neural Thompson Sampling (NeuralTS). The final action for each stock is
selected through majority voting among the four contextual bandit models asso-
ciated with the current market regime. The models are updated incrementally
as new market observations become available. We evaluate the framework on
selected NSE/BSE sectoral stocks and compare its performance with standalone



contextual bandit models as baseline models. The experimental results show that
the proposed regime-based approach achieves better performance than the base-
line models across the evaluated measures, indicating its potential as an adaptive
decision-support approach for pre-market portfolio management.

Keywords: Contextual bandits, Market-regime, Indian stock market, Pre-Market
Trading, Clustering

1 Introduction

Decision-making in stock markets is difficult because financial data are highly volatile,
non-stationary, and often non-linear. Market conditions can change because of changes
in liquidity, volatility, investor sentiment, and broader economic factors. Such changes
are particularly important for short-term portfolio management, where traders need
to make position adjustments using the latest available market information.

In the Indian stock market (NSE/BSE), the daily pre-open session runs from
9:00 AM to 9:08 AM and provides a short period in which traders can assess the
market before regular trading begins. For a trader who already holds a portfolio of
stocks, this creates a simple but important decision: whether to increase the posi-
tion (Buy), reduce or close the position (Sell), or keep the current position unchanged
(Hold) for the upcoming trading session. In this work, we formulate this prob-
lem as a sequential next-day pre-open portfolio decision-making task. Rather than
predicting only the future direction of stock prices, the proposed framework uses
information from the previous trading day to directly select an appropriate portfolio
action. This formulation is consistent with computational economics, where data-
driven and simulation-based approaches are increasingly used to address complex
financial decision-making problems [1-4].

Traditional machine learning models have shown good performance in learning non-
linear patterns for stock price prediction and market anomaly detection [5-9]. However,
these models are generally designed as static predictors. In portfolio management, the
decision process is different because market conditions change continuously and the
available information is updated over time. Therefore, traders need an online decision-
making system that can use the current market context to select an action and update
its decisions as new observations become available.

Contextual bandits are well suited to this type of sequential decision-making prob-
lem. In a contextual bandit setting, an agent observes the current context, selects an
action, receives a reward, and then uses the observed feedback to update its policy.
Linear contextual bandit methods, such as Linear Upper Confidence Bound (LinUCB)
and Linear Thompson Sampling (LinTS), are computationally efficient and can be
updated online as new observations become available [10, 11]. Neural versions, such as
NeuralUCB and Neural TS, use neural networks to model more complex and non-linear
relationships between the context and the reward [12, 13].

However, the non-stationary nature of financial markets creates a challenge for
standard contextual bandit methods. A policy that performs well during a stable



upward market may not perform equally well during a sudden market decline or a
period of high volatility. Regime-switching models have been used to capture structural
changes in financial time series [14, 15], while non-stationary bandit methods have
been developed to improve adaptation to changing environments [16, 17]. However,
the use of market-regime clustering together with an ensemble of contextual bandits
for next-day pre-market trading decisions has received limited attention.

To address this problem, we propose a market-regime-driven contextual bandit
framework for next-day pre-open portfolio decision-making. Instead of using a sin-
gle model for all market conditions, the framework first identifies the current market
regime using unsupervised clustering of NIFTY 50 features, including returns, volatil-
ity, and technical indicators. The market is divided into three regimes: Bullish, Bearish,
and Neutral. A separate ensemble of four contextual bandit algorithms (LinUCB,
NeuralUCB, LinTS, and NeuralTS) is maintained for each regime. For a stock in the
portfolio, the final trading action is selected using majority voting among the four ban-
dit models associated with the current market regime. The models are then updated
as new market observations become available, allowing the framework to adapt to
changes in market conditions.

We evaluate the proposed framework using historical data from selected Indian
sectoral stocks and the NIFTY 50 index covering the period from January 2015 to July
2025. The out-of-sample evaluation covers the period from July 2024 to July 2025. The
results show that the proposed regime-conditioned framework performs better than
the standalone contextual bandit baselines in terms of cumulative reward, percentage
of optimal actions, and cumulative regret.

The remainder of this paper is organized as follows. Section 2 reviews related work
in computational finance, contextual bandits, and market-regime modelling. Section 3
introduces the mathematical notation and problem formulation. Section 4 describes
the proposed framework in detail. Section 5 presents the experimental setup and eval-
uation results, and Section 6 concludes the paper and discusses possible directions for
future work.

2 Related Work

Selecting the appropriate trading action (Buy, Sell, or Hold) for a portfolio of stocks
before the next trading day requires a method that can respond to changing market
conditions. Previous research related to this problem can mainly be grouped into three
areas: contextual bandits, market regime modelling, and algorithmic trading. Each of
these areas provides useful ideas for the proposed framework, but there is still a lack of
an integrated approach specifically designed for next-day pre-market decision support.
This section reviews the relevant work and discusses the gaps addressed by our study.

2.1 Contextual Bandits for Financial Decision-Making

Contextual multi-armed bandits provide a useful framework for making sequential
decisions when the outcome of an action is uncertain. At each step, the agent observes
a context, selects an action, receives a reward, and uses this feedback to improve
future decisions. Linear methods such as LinUCB [10] and Linear Thompson Sampling



(LinTS) [11] are widely used because they are computationally efficient and can be
updated as new observations become available. However, these methods assume a
linear relationship between the context and the expected reward, which may not be
sufficient for financial data with complex and non-linear patterns.

NeuralUCB [12] and Neural Thompson Sampling (NeuralTS) [13] address this issue
by using neural networks to model non-linear relationships. These methods have also
been explored in areas such as dynamic portfolio management [18] and derivatives
pricing [19]. However, existing applications generally focus on predicting continuous
rewards or making decisions for individual assets. The problem of selecting discrete
Buy, Sell, or Hold actions for several stocks within a portfolio has received less atten-
tion. In addition, many existing financial bandit approaches are evaluated under
relatively stable market assumptions. Some studies have considered regime informa-
tion to deal with non-stationarity, such as the approach in [20], but these methods
have not been specifically developed for next-day pre-market decision-making.

2.2 Market Regime Modelling and Clustering Approaches

Financial markets do not remain in the same state over time. They can move between
Bullish, Bearish, and Neutral conditions as volatility, momentum, liquidity, and other
market factors change. Hidden Markov Models (HMMSs) have traditionally been used
to identify such changes in financial time series [14, 15]. Unsupervised learning meth-
ods provide another way to identify market regimes without requiring predefined
state labels. For example, K-Means clustering has been used to group market obser-
vations based on volatility measures and technical indicators [21]. Other commonly
used approaches include hierarchical clustering [22], spectral clustering [23], and
self-organizing maps [24].

Market regime information has been useful in applications such as volatility timing
[25], momentum analysis, and asset allocation. However, most of these approaches use
the identified regimes to improve forecasts or determine broader investment strate-
gies rather than to directly select discrete trading actions for individual stocks. In
particular, the combination of unsupervised market regime identification with contex-
tual bandit models, where the selected model is updated as market conditions change,
has received limited attention. This gap motivates the regime-based contextual bandit
framework proposed in this work.

2.3 Algorithmic Trading Systems and Pre-Market Decision
Frameworks

Algorithmic trading research includes a wide range of supervised learning and rein-
forcement learning methods. Deep learning models such as Long Short-Term Memory
(LSTM) networks [26] and Convolutional Neural Networks (CNNs) [27] have been
used to learn temporal patterns from financial data. However, these models gener-
ally produce price or return estimates, which then need to be converted into trading
decisions using an additional rule or processing step. Training such models can also
require considerable computational resources, particularly when several stocks need to
be updated regularly. Other studies have used additional information sources, such as



microblogging sentiment, to improve stock prediction through hybrid neural network
models [28]. Although these approaches can provide useful predictive information, they
do not directly address the online action-selection problem considered in this work.

Reinforcement learning methods such as Deep Q-Networks (DQN) [29], Proximal
Policy Optimization (PPO) [30], and actor-critic methods [31] have also been applied
to algorithmic trading. These methods learn policies by considering sequences of states
and actions over longer investment periods. However, they can require a large amount
of data and computational resources, and updating the policy frequently can be dif-
ficult. They are also more complex than necessary for a decision that only concerns
the next trading day. The contextual bandit formulation used in our work avoids the
need to model long sequences of future states and instead focuses on selecting the best
immediate action from the current market context.

The pre-market period has received comparatively little attention in quantitative
trading research. Most existing studies focus on intraday trading or end-of-day deci-
sions. Although pre-market activity has been studied in some international markets,
the short call-auction mechanism used during the Indian NSE/BSE pre-open session,
from 9:00 AM to 9:08 AM, has received limited attention from adaptive learning
approaches. This creates an opportunity to study pre-market trading as a short-horizon
action-selection problem.

2.4 Summary of Gaps and Our Contribution
The review of existing work points to four main gaps:

1. Contextual bandit methods have not been widely studied for generating next-day
Buy/Sell/Hold recommendations for individual stocks already held in a portfolio.

2. Market regime identification has not been combined with separate contextual
bandit ensembles that are selected according to the current regime.

3. Many financial learning approaches do not explicitly address continuous daily
adaptation to changing market conditions through incremental model updates.

4. The short pre-open call-auction period in the Indian stock market has received
limited attention as a discrete action-selection problem.

Our work addresses these gaps by combining linear and neural contextual
bandit models with unsupervised market regime clustering and incremental daily
updates. The resulting framework is designed to provide direct Buy, Sell, or Hold
recommendations for stocks in a portfolio before the Indian pre-market session begins.

3 Preliminaries and Problem Formulation

This section introduces the mathematical notation used in the proposed framework.
It first defines the available trading actions and then describes the technical indicators
used to construct the context vector. The contextual bandit models are introduced in
the following subsections.



3.1 Trading Action Space

For each stock in the portfolio, the agent can choose one of three possible actions:
A = Buy, Sell, Hold. (1)

The Buy action means increasing the current position in a stock when the model
expects a positive price movement. The Sell action means reducing or closing the
existing position when a negative price movement is expected. The Hold action leaves
the current position unchanged when there is no sufficiently strong signal to buy or
sell. The action is selected before the next trading session using the market information
available up to that point.

3.2 Technical Context Indicators

The context vector x; contains information about recent price and trading-volume
behavior of a stock on day t. We use a set of commonly used technical indicators to
describe the recent market condition. The indicators used in the framework are defined
below:

® Daily Returns: The daily return represents the relative change in the closing price
from one trading day to the next:

Py — P
ry= ————— 2
t B, (2)

where P; is the closing price on day t.

e Simple Moving Average (SMA): The SMA represents the average closing price
over the previous k trading days. It is calculated as:

SMAL(t) = Pi;. 3)

We use two moving averages, namely the 5-day SMA (SMAsj) and the 20-day SMA
(SMAyg), to represent short- and medium-term price trends.
¢ Exponential Moving Average (EMA): The EMA gives more weight to recent
prices and therefore responds faster to price changes than the SMA. It is calculated
recursively as:
EMAk(t) = ath + (1 - Oék)EMAk(t - 1), (4)
where oy, = %H
e Moving Average Convergence Divergence (MACD): MACD is used to rep-
resent price momentum and is calculated from the difference between the 12-day
and 26-day EMAs:
MACD, = EMA 5(t) — EMAg(t). (5)

® Relative Strength Index (RSI): RSI is a momentum indicator that measures
the relative strength of recent price gains and losses. For a 14-day period, it is



calculated as: 100
RSI; = 100 <1+RSt>’ (6)
where RS} is the ratio of the average gain to the average loss over the previous 14
trading days.
e On-Balance Volume (OBV): OBV combines price direction with trading volume
and is used to represent changes in buying and selling activity:

OBVt = OBVt_l + SgH(Pt — Pt—l) . ‘/t; (7)

where V; represents the trading volume on day ¢, and sgn(-) denotes the sign
function.

® Price Momentum: Price momentum measures the relative price change over the
previous five trading days:

P —P_5

P (®)

Momentum; =

® Trend Indicator: This binary feature indicates whether the current price is above
the 20-day moving average:

1, if P, MA
Trend; = ¢ nE >_S 20(t), (9)
0, otherwise.

3.3 Market Regime Identification via Clustering

To account for changes in market conditions, we divide the daily market environment
into three regimes: Bullish, Bearish, and Neutral. The regimes are identified using
K-Means clustering on features obtained from the NIFTY 50 index. The clustering
objective is to minimize the within-cluster variance:

J:

n
1=

K
Zwiklxi — el (10)
1 k=1

where w;;r = 1 when the data point z; belongs to regime k and w;; = 0 otherwise.
The term py denotes the centroid of the k-th regime. The resulting clusters are used
to determine the current market regime before selecting the trading action.

3.4 Contextual Bandit Foundations

We use four contextual bandit algorithms as the decision-making models: LinUCB,
LinTS, NeuralUCB, and NeuralTS. At each time step, these models receive the avail-
able technical features as context and select one of the possible trading actions based
on the estimated reward.



3.4.1 Linear Contextual Bandits

® LinUCB: LinUCB assumes that the expected reward is a linear function of the
context features. Let § € R? denote the unknown model parameter. The expected
reward is given by:
E[Tt|$t,a] = 9T5Et,a~ (11)
To balance exploration and exploitation, LinUCB selects the action with the highest
upper confidence bound:

a; = arg max <9Tmt,a + oq/actTaA—lxt)a> , (12)
acA ?

where A is the context covariance matrix and o > 0 controls the level of exploration.

e Linear Thompson Sampling (LinTS): LinTS uses a probability distribution
over the model parameters instead of directly using a single parameter estimate. At
time ¢, the parameter is sampled from the posterior distribution:

Or ~ N (e, 2t). (13)

The selected action is the one with the highest estimated reward under the sampled
parameter:
= 07 24 4. 14
ap = arg max 6/ v, (14)

3.4.2 Neural Contextual Bandits

Linear models may not be sufficient when the relationship between the context and
reward is highly non-linear. Neural contextual bandit methods address this issue by
using a neural network fp(z,,) to estimate the expected reward.

® NeuralUCB: NeuralUCB uses a neural network to estimate the reward for each
action. The network parameters 6 are updated using gradient-based optimization.
The action is selected using a confidence-based rule:

ap = argmax (fo(zt,a) + aoi—1(214)), (15)

where 0,_1(z;,,) represents the estimated uncertainty for the given context based
on the observations collected so far.

e Neural Thompson Sampling (NeuralTS): NeuralTS combines neural net-
works with Thompson Sampling to introduce exploration. At each step, network
parameters are sampled from a Gaussian distribution around the current parameter
estimate:

O ~ N (g, o2 1). (16)

The sampled network is then used to estimate the reward for each available action:

a; = argmax fo, (zt,a). (17)



3.5 Ensemble Decision Mapping

The final trading decision is obtained by combining the predictions from the four
contextual bandit models. For the current market regime k, each localized bandit
model independently selects one of the available actions. The four recommendations
are then combined using majority voting, and the action with the most votes is selected
as the final decision.

If the four models produce a tie, a regime-specific preference rule is used to select
the final action. For example, the framework can prefer ‘Buy’ in a Bullish regime and
‘Hold’ in a Neutral regime. This ensemble approach allows the framework to use the
strengths of different bandit models while adapting the decision process according to
the current market regime.

4 Proposed Methodology

This section describes the technical architecture of the proposed market regime-driven
contextual bandit framework. The overall workflow is shown in Figure 1. The frame-
work follows a day-by-day learning process in which new market data are processed,
the current market regime is identified, and the bandit models are updated based on
the latest observations. This setup is intended to reflect how the framework can be
used in an actual trading environment.

The proposed framework follows a sequence of steps that starts with collecting the
financial data and ends with updating the trading models. The main steps include
data preprocessing, feature extraction, market regime identification, selection of the
corresponding bandit models, and model updates. Instead of using the same model for
all market conditions, the framework first identifies the broader market regime using
NIFTY 50 features and then uses the models associated with that regime.

4.1 Data Preprocessing and Feature Extraction

The process starts with collecting daily price and trading volume data for the stocks
in the portfolio and the NIFTY 50 index. A rolling lookback window of w days is used
to include recent observations when constructing the input features.

The raw market data are then converted into a context vector z;. This vector
contains information about recent price movements, returns, trading volume, and mar-
ket trends. The features include indicators such as RSI, MACD, OBV, and SMAs.
These context vectors are provided to the contextual bandit models when selecting
the trading action.

4.2 Market State Clustering and Reward Formulation

The framework divides the market into three regimes: Bullish, Bearish, and Neutral.
These regimes are identified using K-Means clustering on features calculated from the
NIFTY 50 index. The clustering process groups similar market conditions and assigns
the current observation to a market state ¢; € 1,2, 3. The identified state is then used
to select the corresponding set of bandit models.
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The reward is calculated using a dynamic threshold rather than a fixed percentage
change. For each trading day, the actual change in the stock price is compared with
a threshold 7;. The threshold is calculated using the average absolute price change
observed up to day t:

t
1
T, = ;;m — P_q]. (18)

When the price change remains within the range [—7, 7], the movement is treated
as relatively small and the Hold action receives the highest reward. A price increase
greater than 7 results in a positive reward for the Buy action, while a decrease below
—7¢ results in a positive reward for the Sell action. The threshold changes with the
observed price movements, allowing the reward definition to adjust to different levels
of market volatility.

4.3 Model Training Phase

The training phase, shown in Algorithm 1, creates three specialist modules correspond-
ing to the three market regimes. The models are trained using expanding historical
data blocks so that the training process follows the same sequential pattern as an
online trading setting.

For each data block, the system first identifies the current market regime ¢; using
the NIFTY 50 index features. The stock context vector x; is then sent to the specialist
model m,, associated with that regime. Each specialist consists of four independent
contextual bandit models: LinUCB, LinTS, NeuralUCB, and NeuralTS. Each model
selects an action and receives a reward based on the stock’s price movement on the
following trading day. After the data block is processed, the parameters of the active
models are updated using the newly observed information. Over time, this allows each
specialist to learn from the market conditions associated with its regime.

4.4 Streaming Testing and Real-Time Prediction

In an actual deployment, the model would process each new trading day without
knowing the market information that will become available in the future. To reproduce
this setting, the testing phase in Algorithm 2 is carried out as a strict day-by-day
streaming simulation.

For each new trading day, the framework first constructs the stock context vector
using the latest available price and technical indicator data. It then identifies the cur-
rent market regime (Bullish, Bearish, or Neutral) using the corresponding NIFTY
50 index features. The specialist model associated with the identified regime is then
activated. Its four bandit models, namely LinUCB, LinTS, NeuralUCB, and Neu-
ralTS, independently select an action, and a majority vote is used to determine the
final Buy, Sell, or Hold decision.

After the next trading day ends, the actual price movement becomes available,
and the corresponding environmental reward is calculated. This reward is then used
to update the parameters of the active specialist model. To account for longer-term
changes in market behavior, the clustering centroids are also updated periodically

11



Algorithm 1 Model Training Phase
1: Input: Stock data D, market index data I, portfolio stock set .S, lookback window
w, base batch size bpase, cluster count k = 3
Output: Trained regime-specific specialist models M = {m1, ma, ms}
Initialize specialized bandit models m, for each regime ¢ € {1,...,k}
Initialize empty historical memories D, < ()
Extract price, volume, and technical indicators for each trading day ¢
Construct context vectors x; using lookback window w
Train initial K-Means centroids on historical index features to define assignment
function cluster(x)
8: Partition full training dataset D into sequential batches B =
{DW DA . DY of size bpase
o: for each batch DY) € B do
10: for each streaming day t within batch D) do

NPT R W

11: Identify prevailing market regime: ¢; < cluster(1)

12: Route sample to relevant memory: D, < D, U {z:}

13: Activate corresponding specialized model m.,

14: Select action a; = me,.select_action(x;) via internal ensemble vote
15: Observe next-day market response and receive reward ry

16: Update model parameters m., incrementally using tuple (x¢, at, r¢)
17: end for

18: for each regime channel ¢ € {1,2,3} do

19: if |D.| > 0 then

20: Fine-tune specialist weights m. on its accumulated history D,
21: end if

22: end for

23: end for
24: return M

using the additional historical data. In this way, both the market regime representa-
tion and the bandit models can gradually adjust as new market information becomes
available.

5 Experimental Setup and Results

This section presents the experimental evaluation of the proposed framework. It
describes the dataset, preprocessing steps, feature construction, model settings, and
the comparison with baseline contextual bandit models across different stock sectors.

5.1 Experimental Setup

5.1.1 Data Collection and Source Pipeline

We collected historical daily market data for selected Indian sectoral stocks and the
NIFTY 50 index using the yfinance API. The data cover the period from January
2015 to July 2025 and include daily opening, high, low, and closing prices, along

12



Algorithm 2 Streaming Evaluation and Live Update Phase
1: Input: Evaluation stream Dies, active index data Iliest, specialists M =
{m1,ma2, ms}, lookback window w

2: Output: Evaluation performance metrics Results
3: Initialize running performance monitor Results < ()
4: for each incoming trading day ¢t € Dyes; do
5: Build context vector x; using the previous w days of market data
6: Determine current market regime using active index features: ¢; <— cluster(Iy)
7: Retrieve the designated specialist model m.,
8: Generate the portfolio action recommendation: a; <— me,.select_action(x;)
// Market executes trade and closes
9: Observe next-day closing price P;y; and calculate dynamic threshold 7441
10: Compute realized environmental reward r; based on action a; and price change
11: Update the active specialist parameters m., incrementally with (z¢, as, r¢)
12: Log performance metrics and realized profits into Results
13: Periodically update K-Means cluster centroids using all index data observed

up to time ¢
14: end for
15: return Results

with trading volume. To include stocks from different sectors, we selected Hindustan
Unilever (FMCG), HDFC Bank (Banking), Infosys (Information Technology), Larsen
& Toubro (Infrastructure), and Mahindra & Mahindra (Automotive). The selected
period includes different market conditions and economic cycles, which allows the
framework to be evaluated over a relatively wide range of market situations.

5.1.2 Data Preprocessing

The collected data were preprocessed before being used for training and evaluation.
The following steps were applied:

® Missing Value Imputation: Missing observations caused by market holidays and
other non-trading days were handled using forward filling followed by backward
filling. This was done to maintain continuity in the time-series data.

® Feature Normalization: The features have different numerical ranges, particu-
larly price-based variables and technical indicators. Therefore, continuous features
were standardized using:

= ) (19)

where p and o represent the mean and standard deviation, respectively. These values
were calculated only from the training data to prevent information from the test
period from being used during training.

e QOutlier Preservation: Large price movements and periods of high volatility were
retained in the dataset. Removing these observations could make the evaluation less
representative of actual market conditions, where sudden price changes can occur.

13



5.1.3 Feature and Context Formulation

For each stock, we used a rolling window of w = 10 trading days to construct the daily
context vector x;. The purpose of this window is to provide the model with recent
information about price movements, trends, and trading activity. The context vector
contains daily log-returns, short- and medium-term moving averages (SMA * 5 and
SMA %20), MACD values, relative strength index (RSI4), on-balance volume (OBV,),
and a binary indicator representing trend persistence.

5.1.4 Market State Clustering Parameters

Market regimes were identified using technical features calculated from the NIFTY 50
index. Ten features were used for this purpose: daily returns, RSI, MACD, historical
volatility, intraday returns, overnight returns, the close-to-SMA ratio, OBV velocity,
Average Directional Index (ADX), and the trailing 20-day SMA. We applied K-Means
clustering with K = 3 to divide the observations into three market regimes: Bullish,
Neutral, and Bearish. The clustering objective is given by:

3
J:Z Z |xi_lu'1€|27 (20)

k=12z2;,€C}

where C} denotes the k-th market regime and py is the centroid of that cluster. During
the online evaluation, the cluster representation is updated as new market observations
become available.

5.1.5 Training Protocol and Baselines

The complete dataset was divided into two periods. Data from January 2015 to June
2024 were used for training, while data from July 2024 to July 2025 were used for
out-of-sample streaming evaluation. At each time step, the reward r; was determined
by comparing the selected action with the next-day price movement:

+1, if ay = Buy and Pryy > P, 4+ 14, +1,
Tt = if at:SeH and Pt+1 <Pt*7—t7 +1, if a = Hold and |Pf,+1 *Pt‘ STta 717
otherwise,
(21)

where 7; denotes the dynamic volatility threshold.

For comparison, we used four contextual bandit models: LinUCB, LinTS, Neu-
ralUCB, and NeuralTS. Each baseline used a single global market representation and
did not use the proposed market-regime clustering. The same hyperparameter settings
were used for both the baseline models and the proposed framework to maintain a
consistent comparison. The parameter settings are reported in Table 1.

5.2 Empirical Results and Analysis

The out-of-sample results from the streaming test period show that the proposed
regime-aware framework performs better than the baseline models that do not consider
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Table 1 Hyperparameter Configuration Framework. This
table details the core hyperparameter selections and architecture
settings applied to both the standalone baseline benchmarks and the
regime-specific specialist models.

Model Level Key Parameter Value
LinUCB Exploration Parameter (a) 0.300
LinTS Prior Scaling Variance (o) 0.100
NeuralUCB Hidden LSTM Architecture Units 128
NeuralTS Optimization Learning Rate 0.001
K-Means Clustering  Total Target Regimes (K) 3

market regimes. Table 2 reports the trading decision accuracy obtained for the stocks
from different sectors.

Table 2 Trading Decision Accuracy Percentage Comparison. This table presents the
percentage of trading days where the selected portfolio action matches the tracking market direction
during the out-of-sample evaluation window (July 2024 to July 2025).

Stock Ticker LinUCB LinTS NeuralUCB NeuralTS Proposed Framework
HINDUNILVR.NS 44.00 42.40 46.00 34.80 61.20
HDFCBANK.NS 52.00 50.80 48.80 36.80 60.80
INFY.NS 49.60 51.60 49.60 36.40 57.20
LT.NS 48.00 47.20 40.00 35.60 56.00
M&M.NS 46.80 47.20 48.00 34.80 54.80

The results show that the proposed framework performs better than the standalone
baseline models across the evaluated stocks. By assigning each context to a model
associated with the current market regime, the framework can adapt its decisions to
changing market conditions. This helps reduce the policy drift observed in the baseline
models when the market becomes non-stationary.

The deep-learning-based models, NeuralUCB and NeuralTS, perform better than
the linear models for some individual stocks. However, when used as global mod-
els, they also face difficulties when market conditions change suddenly. The proposed
regime-based approach shows a more consistent increase in cumulative reward over
the evaluation period, as shown in Figure 2. These results suggest that using sepa-
rate policies for different market regimes can improve the consistency of the trading
decisions and lead to more stable rewards.

The difference in performance can also be seen in the percentage of optimal actions
selected over time, as shown in Figure 3. After the initial exploration period, the
proposed framework maintains a higher proportion of optimal actions than the baseline
models. This suggests that identifying different market regimes helps the bandit agents
work with a more specific set of market conditions. As a result, the agents can learn
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Model Performance Comparison: Cumulative Reward
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Fig. 2 Out-of-Sample Cumulative Reward Progression Tracking Path

the appropriate actions more quickly and achieve a better balance between exploration
and exploitation.

Finally, Figure 4 shows the cumulative tracking regret over the test period. Track-
ing regret represents the difference between the actions selected by the model and
those selected by an oracle policy that always chooses the best possible action. The
proposed framework accumulates regret at a lower rate across the evaluated stocks.
This result indicates that the framework can maintain more consistent decisions under
changing and volatile market conditions, with less degradation in performance over
time.
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Model Performance Comparison: % of Optimal Action Taken
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6 Conclusion, Limitations, and Future Work

This section discusses the key findings of this paper, outlines the limitations of the pro-
posed framework, and identifies potential future directions for extending the adaptive
pre-market decision support framework.

6.1 Conclusion and Core Findings

This paper presents a market-regime-based contextual bandit framework for helping
traders decide how to adjust their stock positions before the next trading day. The
framework considers three possible actions: Buy, Sell, and Hold. It first identifies broad
market conditions through unsupervised clustering of macroeconomic indicators and
then selects actions using a localized ensemble of linear and neural contextual bandit
methods, including LinUCB, LinTS, NeuralUCB, and NeuralTS. Unlike conventional
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Model Performance Comparison: Cumulative Regret
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Fig. 4 Cumulative Regret Path Analysis Against Baseline Operations

approaches that rely on fixed forecasting models, the proposed framework updates
its decisions as market conditions change. The model is evaluated using a day-by-
day streaming simulation, where market regimes and model parameters are updated
sequentially to reflect the way the framework would operate in a live trading setting.
Our experiments on major Indian sectoral stocks show that financial non-
stationarity can significantly affect the performance of a single global bandit model.
The proposed regime-conditioned approach, in comparison, achieves lower cumula-
tive tracking regret and higher cumulative rewards across the evaluated settings. A
key reason for this improvement is the use of separate models for Bullish, Bearish,
and Neutral market conditions. By learning within a more specific market context,
each model deals with a relatively simpler reward structure and can adapt more effec-
tively to changes in the environment. The results therefore indicate that conditioning
the decision process on market regimes can improve the stability and effectiveness of
next-day position adjustments, particularly under volatile market conditions.
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6.2 System Boundaries and Limitations

Although the proposed framework provides a strong benchmark, its current deploy-
ment is subject to two important limitations:

Information Asymmetry: The context vector is derived entirely from historical
endogenous market information, including price movements, trading volume, and
trailing technical indicators. Therefore, the framework has limited ability to account
for unexpected external events, such as overnight changes in global economic poli-
cies, corporate earnings announcements, or sudden geopolitical developments. Such
events can lead to substantial price gaps at the opening of the market.
Frictionless Execution: The current environment calculates rewards under ide-
alized trading conditions and does not explicitly model practical market frictions.
Factors such as brokerage charges, exchange transaction taxes, liquidity constraints,
and execution slippage are not included in the simulation. These factors may have
a noticeable effect on actual performance, particularly during the short 8-minute
pre-open call-auction period.

6.3 Future Research Directions

There are several ways in which the proposed pre-market trading framework can be
extended in future work:

Multimodal Context Fusion: The current framework mainly uses market data
from previous trading days. In future, we can also include information from financial
news and social media. These sources may provide useful information about changes
in market sentiment, especially when important events occur outside regular trading
hours.

Probabilistic State Spaces: The current framework uses clustering to identify
different market states. Future work can explore probabilistic models such as Hidden
Markov Models (HMMs) and deep temporal clustering methods. These approaches
may help in identifying gradual or uncertain changes between market regimes.
Microstructure and Friction Constraints: Future experiments can include
order-book information, such as bid—ask spreads and order imbalance, along with the
existing market features. The reward calculation can also include brokerage charges,
transaction costs, and other execution costs. This would make the experimental
setting closer to actual trading conditions.
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