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Abstract

We propose a regime adaptive execution methodology in the financial market
domain to tackle the regime switching problem. Dynamic regime switching, or
underlying correlation and covariance shifts in true (hidden) market variables,
diminishes the robustness of expert/specialist models on downstream tasks like
forecasting or market movement prediction from unseen, online data. Our method
uses natural, intrinsic market rewards for adaptive RL alignment (RLMF) of ex-
pert LLMs; and a teacher-student, repeating dual-phase (train, execute) pipeline
that consistently outperforms SOTA trillion parameter models like GPT-40. Our
approach does not rely on the strength of underlying expert models — any contempo-
rary off-the-shelf foundational LLM model is compatible with our (plug-and-play)
algorithm. We use the Llama-2 7B parameter class of base model to show the effi-
cacy of our method that outperforms both generalist and specialist class of expert
models and attain strong empirical results including 15% increase in predictive
accuracy on concurrent stock-movement prediction benchmarks (detailed in §B).

1 Introduction
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Figure 1: Juxtaposing recent successes of adap-
tive methods from robot locomotion that supplants
decades-old heuristic architectures with our pro-
posed approach to the regime adaptation problem.

servations (o; € ) to output price movement (i.e., market/environment reaction) learned via
traditional ML techniques does not generalize well to out-of-domain (or, regime-shifted) distributions
due to the hidden, underlying correlation and covariate shifts in a dynamic market regime [1, 13].
Basically, even if we are able to train a model that fits perfectly to past market trajectories (i.e.,
success in backtesting), it does not guarantee future accuracy.
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Our solution to this dynamic market regime adaptation problem is motivated and ideated (Fig. 1)
by recent, remarkable successes of RL-based adaptive quadruped locomotion techniques in the
robotics domain that use two-stage training of teacher-student policies [24, 22]. We adopt a similar
2-stage training, then adaptive execution (detailed in §3), using pre-trained LLMs as base policies
that we align using an automatic, natural market feedback signal as auxiliary reward. Our preliminary
experiments and empirical results show that LLMs, with their imbued generic world knowledge, can
support regime adaptation with continual adaptation using RL from intrinsic, natural market rewards
— dubbed as the Reinforcement Learning from Market Feedback (RLMF) loss for LLM alignment.

2 Preliminaries and Background

Regime-Switching in Finance In empirical finance literature, regime switching processes are
modeled as Markovian Switching Models, introduced by the seminal work of Hamliton [14], in the
1990s. The canonical regime switching problem can be presented by letting o; be an outcome variable
for a market process, which recurrently depends on its own past history, y;_1, €; representing random
shocks and (for ML/RL community, a conveniently termed) s; € {0, 1,...,k} a discrete random
variable modeling some underlying regime process at time, t. Then regimes affect the intercept(mean),
s, » auto-correlation, ¢,,, and volatility, o,, of the process [16]:

0t = ps, + Ps,0t—1 + 05,6, €+ ~1id(0,1). €))

Enthusiastic readers are encouraged to read [12, 15, 16] for a detailed overview of Markovian
switching models, and works on modern heuristic solutions to detecting, classifying, or adopting
to such canonical regime switching models. For a comprehensive appreciation and answer to ‘why
regime adaptation is important?’, we highly encourage reading [1, 13].

Modern deep learning based techniques essentially subsume and skip the problem of regime classifi-
cation as an intermediary step to some means (like market prediction), and allow the distributional
latent embeddings to encapsulate the true regime state from some input data (as a belief b encoding
from POMDP formulation). In essense, we too, are adhering to this paradigm, however, unlike other
the other methods (relying on deep learning or RL based solutions), we dynamically adapt and update
the learned policy using our proposed methodology.

Reward based alignment of Language Models Tuning pretrained LMs using reward feedback
and RL enables remarkable capabilities of current chat-bots and assistants to follow instructions.
The RLHF pipeline [58, 43, 32] is a well-formulated approach in the NLP domain. While variants
to RLHF have been proposed [35], we discuss only the popular RLHF pipeline for our purposes
here. At a high-level, the RLHF pipeline starts with fine-tuning a pre-trained LM in supervised
manner (typically with the same LM objective, but on new, high-quality domain-specific data) to
obtain 7°FT, then training a reward model f/** that, once trained, is able to evaluate (usually
pairs of) LM generated prompt (x,,) completions: (22, 42) ~ 7957 (z,,) and provide scalar reward

fM (Z,) — r € R. A human labelled preferences dataset is typically (we deviate from in our
presented approach) used to for the reward model training using MLE objective. In the final step, the
domain fine-tuned LM, and the trained reward model is used to fine-tune an aligned policy using RL
(e.g. PPO [38]) where 7577 acts as the reference based policy: 77¢f. PPO uses the base, reference
model to impose a KL-divergence penalty during RL fine-tuning using reward feedback to ensure
the fine-tuned model does not deviate or diverge too far away from the base policy and preventing
unwanted scenarios like mode-collapse to high-reward answers.

Going forward, observation at time ¢, o;, will be referred to as a LM query, z, comprised of a prompt
2p, and action prediction label from previous time step: &,, , (Fig. 2).

3 Alignment using RLMF

There are two distinct phases in our proposed approach. In the training phase, we train a fine-tuned,
and aligned language model as our teacher policy wi¢*“"*", and a reward model feRM , following the
well-formulated RLHF pipeline [58, 43, 32], and using samples from the NIFTY datasets [34] (see
details of the datasets NIFTY-LM (Dy,5r) and NIFTY-RL (Dg;) in Appendix §C.1.
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where (z,, = T, |xp).

Figure 2: Instruction or prompt prefix, z,, decom-

Supervised Fine-tuning Teacher Policy The position into components 5a and 5b.

loss on a sequence x (comprised of tokens
z1, ..., x7) from a vocabulary of size V' is the autoregressive cross-entropy loss (presuming a decoder-
only transformer model akin to the GPT series [6]:

T
L(zx,0) =— Zlog Py (z¢ | 1:4-1;0) )]
t=1
where Py, is the output distribution of a model parameterized by 6.

Training a Reward Model We train a reward model f1** | initialized with a SFT language model
(using Eq. 2), sampling from Dg ;s in a MLE fashion formulating the preferences labels as a binary
classification problem and optimizing for the negative log-likelihood loss:

Lrm(0) = ~E(, 0, 20 l0g (0 (ro(z,20,) = T0(2,21,)))] A3)
~DRry,
where rg(z,, z,) is a scalar reward for prompt z,, and response z, with parameters 0, z,  is the

preferred or chosen response out of the pair (., , ,,) sampled from Dgy, (see §C.1).

3.1 Deriving the RLMF objective

Intuition Our formulation of Reinforcement -
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However big the correction is, this feedback will Figure 3: Regime adaptive execution uses the
(and should) not be so radical that we forget ev-  NIFTY dataset to train a reward model (RM) and
erythlpg we have 1nternallz§:d from CXPEIICNCE  4]ign a pretrained LLM during the training phase.
up until yesterday —we are likely to attribute the  y, the deployment phase, streaming online market
mlsm.a.tch to.the current (l}kely dev1§1ted) market  qa¢a is used to continually update the RM, subse-
condition (like the inflation, war, interest rate quently a student policy that swaps place with an
changes etc.). executor teacher policy after windowed intervals.

Technical details : Let 7r¢’%M, be a policy we want to train, that is parameterized by ¢. We define a
policy query as: z, = (xp;x,). Let Djp be a dataset of size T' containing tuples of (zp, &, z,),



where #, is a generative completion or, response by the policy w5 Let f;** be a trained reward
model (using MLE (Eq. 3)), parameterized by 6. And 77/ is a frozen (teacher or,) reference policy .

In our setup, the response is an action label of market movement prediction s.t. z, €
{rise, fall, neutral}. Note that for each &,., we can collect a corresponding truth label from the
market’s reaction, that we denote by z,.. Having such a rollout dataset, D,z allows us to define a
simple MLE based loss objective that we define as our RLMF) loss:

T
! .
Lyp(¢) =min — Z [ =y ?
¢ T t=1
= minEe, o 5)~Dy (&, — z[?] )

The regular RL fine-tuning loss [43] is defined as:
miM (dr]2p)
Lrr(¢) = Ew, 2,3, )~Dur [TO(xpa &) — Blog (w

77T (& 12)

where the KL reward coefficient 3 controls the strength of the KL penalty.

Lri(9) =maxB(e, o 3,)~Dur [Te(wp,i'r) = B0k [mg™ (@) | 77 (@ lap)] 1 )

Using the equations 4, 5, we can maximize the following combined objective function using RL for
updating policy 7

Lrimr(P) = mqgn —Lr(¢) +vLrr(0) (6)

where the MF reward coefficient v controls the strength of market feedback reward.

Algorithm 1 Training Phase

Algorithm 2 Deployment Phase

Step 1: Fine-tune teacher policy W(’]f‘”h”

Init 7\';“““" +— M assistant (e.g., Llama2-chat-7b)
Input: Dy, (train split of NIFTY-LM), size m, batch B
forb=1to |m/B] do
Init batch queries Sp = {}
fori = 1to B do
Sample (zp,; T, )
Append to Sp
end for

Student Policy Adaptation
t < 0,T < freq
Init 775t 44e™ from 7
Repeat every T steps:

Collect Dy = {(p, 5:;), miVIF)}Zzl

Step 1: Update £ {with Eq. 3}

Step 2: Update m3t*?e™* ysing fé:;;f and Eq. 6

Step 3: Set wteacher ( pstudent oyecute for T

teacher

Update wfbe“h’er with SFT {using Eq. 2}
end for
Step 2: Train reward model ffM {using Eq. 3}
Step 3: RL fine-tune ﬂ;"“"“h” using PPO [38] and D1, NIFTY-
RL preferences dataset.

The The Adaptation algorithms provide high-
level pseudocode for the training[ 1] and deploy-
ment [ 2] phases of our approach respectively as
depicted in Fig. 3.

We present the preliminary results of our approach in the appendix §B.

Limitations and Future Directions Firstly, we note that the goal of our work was to show the
feasibility and efficacy of doing financial forecasting and regime adaptation in a fundamentally
different, novel way in the current era of LLMs and Al. Thus, our adopted choices of LLMs — like
using Llama-2-7b [47] instead of larger or, newer models [18, 48], or RL based alignment techniques
instead of RL-free techniques are perhaps best left for future works as variants sweeping for best
performance was not our main goal, but showing feasibility/efficacy of a new direction was.
Future research could see optimization and exploring our method with larger model. Secondly, we
want to point out the (deliberate) omission of any downstream financial tasks in this work. The
proposed approach can be used for downstream financial tasks, including the use of UnREAL models
performing stock trading or portfolio allocation [26].
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A Definitions and Terminology

Markov Decision Process (MDP) An MDP is defined by a tuple (S, A, T, R,~, po) where S is
a set of states (state space), A is a set of actions, T' : S x A — TI(S) is the transition function,
R : S — R is the reward function, v € [0, 1] is the discount factor, and pg : S — [0, 1] is the
distribution over initial states. A policy over an MDP is a function 7 : S — II(A), and is optimal if it
maximizes the expected discounted sum of rewards.

L= ETF,T (Z ’YlR(Sz)> ) (N

S, ET

where 7 = (sg, ag, - - ., ST) s a trajectory.

Partially Observable Markov Decision Process (POMDP) A POMDP is a generalisation of an
MDP defined by the tuple (S, A, T, O,w, R,~,po) where O is a set of observations and w : S —
II(O) is the observation function. An agent in a POMDP thus only receives an observation (i.e.,
partial information about the state) rather than the actual state of the environment. Therefore, policies
on POMDPs act based on the history of observations received and actions taken at timestep .

Belief MDPs Since using the complete history is impractical, many algorithms instead use belief
states b : O — TI(S), which is a probability distribution over possible states updated at each timestep,
given history h; comprising of previous observations. Intuitively, it can be thought of an agent
maintaining a ‘belief” — a probability distribution over what it thinks the true state of the environment
might be.

The belief update after taking the action ¢ € A and receiving observation o € O is done through the
following equation:

b (s')=P(s" | b,a,0)

~w(sh0) > T(s,a,8)b(s)
= Blolb.a) Vs €S, (8)

where P(o | b,a) =3, w(s’,0) > . T (s,a,s")b(s).




We can formulate any POMDP problem as an MDP over belief states (author?) [20]. Thus, an
agent’s belief state at time ¢, b; can be seen as a sufficient statistic of the history h; towards deciding
optimal actions.

B Preliminary Experiments and Results

B.1 Experimental Setup

We demonstrate the efficacy of our proposed adaptive algorithm/framework using various SoTA class
large language models on the financial market movement prediction task.

Task The Financial Market Movement (FMM) prediction task for experts’ evaluation can be defined
as a ternary or binary market movement direction classification task among the labels’ set C: { ‘Full’,
‘Neutral’, ‘Rise’ } conditioned on a history (or, expert memory) of window size H (i.e., Py, ,|w,_1..)
— similar to the auto-regressive or causal generative language model (causal LM) training objective.

Experts We set up a diverse list of SOTA general purpose instruction-tuned LLMs as experts for
the experiments on our proposed adaptive algorithms [ 1, 2]. For single LLM experts, we use Meta’s
open-weights models: Llama-2 (7B, 70B), Llama-3(8B, 70B) [45]. For mixture of experts (MoE)
architecture models, we pick two of the current SOTA open-weights models: Mixtral (8x7B) [19] —
which is a mixture of 8 Mistral (7B) [18] models — and DBRX-Instruct [29] introduced by DataBricks
with 132B total parameters and a mixture of 16 (fine-grained, smaller, 65x more combinations of)
experts. For evaluation, we deployed these open-weights models as vVLLM [23] OpenAl compatible
API endpoints and ran the dataset queries against them. We use API/model configurations like
guided-choice, max-tokens to format class label converged expert responses alongside specific prompt
instructions. Addtionally, we use the closed-source, latest variant of the GPT-4 [31] class of models:
GPT4o, using the OpenAl API. These collection of experts are leading foundation models on current
performance benchmarks on language understanding (MMLU [17]), programming (HumanEval [7]),
math (GSMS8K [10]) tasks and other relevant concurrent LLM benchmarks [41, 25].

Datasets For real-world experiments on the defined FMM task, we use the US equities market
movement (NYSE ticker: $SPY) dataset NIFTY (Dpas) [34]. Its test split statistics are tabulated in
Table 1.

Each sample of the Dy, 5, contains high- o '
quality, processed (one-turn) conversa- Table 1: Statistics of NIFTY test split
tional queries for an expert instruction

t Category Statistics
fine-tuned LLM, where a query, Ty, COM-
rises a prompt 2t and a response Number of days ( T') / increment (At) 317/1
PrISes @ prompt ¥p PO r Label support (Fall / Neutral / Rise) 73/143/ 101
Le., r, = (xp; ;) corresponding to a Date range (start to end) 2019-02-13 to 2020-09-21

day (or time-step) t.

For evaluation, at each time step ¢, an expert LLM is prompted (xfg) to predict the market movement
the following day (i.e., ¢ + 1), based on the market’s current contextual information (relevant financial
news headlines and the market’s financial numerics (like the standard OHLCV and common technical
indicators) from past few days capturing trends). Fig. 4 depicts a snapshot of an expert prompt :c; for
elucidation. Please see Fig. 5 in Appendix §C.1 for details.

B.2 UNReAL Results

We name our LLM policy trained using the RLMF alignment loss as UNReAL: Underpinning News
Reward Augmented Learning in Large Language Models. Table 2 shows our results on the NIFTY
(test split), in comparison to other SOTA language expert models. In Table 3 we compare SM
classification accuracies on base LLaMA models, our model finetuned on the NIFTY dataset, and
models finetuned on similar SM datasets from the FLARE Benchmark (Described in §C.3).
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Estée Lauder Cuts Profit Goals as Coronavirus Slows Travel Sales | Russia Blocks OPEC Response to Coronavirus | Yum China Shows Coronavirus Outbreak Curbs
China’s Consumption | Hedge-Fund Billionaire’s Deal for Mets Collapses | Fed’s Quarles Calls Current Stance on Interest Rates Appropriate | Pinterest’s Revenue
Topped $1 Billion in 2019 |NYSE Owner Abandons Potential eBay Deal | T-Mobile Projects More Customer Gains in 2020 | Aurora Cannabis Chief Executive To
Depart Amid Layoffs | Meredith Shares Rally as Publishing Giant Digests Time Inc. | CBD Producer GenCanna Files for Bankruptcy | Risky Corporate Debt to Take
Center Stage in 2020 Stress Tests | Tyson Feels Weight of Lower Poultry Prices | China Tariff Relief Boosts Stock Market | Shale Gas Swamps Asia, Pushing LNG
Prices to Record Lows | FAA Flags Warning-Light Problem with 737 MAX | Juul Raises $700 Million From Investors | Shares of NYSE Owner Slide on Fresh eBay
Deal Jitters | Deutsche Bank Shares Rally on Capital Group Stake | Kellogg Lowers Expectations for 2020 | New York Times Posts Strong Subscription Growth |
Mnuchin Says U.S. 2020 Growth to Be Less Than 3% Due to Boeing | ArcelorMittal Posts Earnings Beat Despite Tough Times for Steelmakers | Canadian Antitrust
Officials Probe Farm Giants | Zantac Recall Weighs on Sanofi’s Earnings | News Corp Posts Lower Profit, Revenue |

Figure 4: A snapshot of the ‘news‘ key value on date: 2020-02-06, at the upstart of the global
coronavirus epidemic. Our 7z s policy’s prompt is composed of task instruction as query prefix,
market context, and this news value concatenated: s.t. £, < (Zinstruction; Lcontest; Tnews) The
semantic text colors red, and green conveys negative and positive sentiments. The day’s market
relevant news was dominated by mostly negative sentiments.

Table 2: Performance of our model UnREAL using the RLMF adaptive pipeline compared with a
collection of SOTA models on the NIFTY (test split).

LLM Experts Adaptive Execution
Metrics Llama-2  Llama-2 Llama-3 Llama-3 Mixtral-8x7B DBRX  OpenAl UnREAL
‘ 7b-chat  70b-chat  8B-Instruct 70B-Instruct Instruct-v0.1  Instruct GPT-4o (ours)
Acc 0.27 0.37 0.39 0.30 0.33 0.34 0.37 0.72
F1 0.22 0.33 0.35 0.20 0.34 0.34 0.34 0.71

Table 3: Performance of Llama-2-7b-chat and Llama-3-8B-Instruct base models with (SFT LoRA
adapter) variants on the NIFTY Stock Price Movement Prediction Task (fest split).

Llama-2-7b-chat Llama-3-8B-Instruct

Metrics T Base  +nifty +acll8 +bigdata22  +cikml8 ‘ Base +nifty +acll8 +bigdata22  +cikml8

F1 Score  0.22  0.28 0.20 0.29 0.27 034 0.36 0.19 0.23 0.24
Accuracy 0.27 045 0.25 0.29 0.27 0.39 041 0.26 0.26 0.28

Discussions The results presented in Table 2 demonstrate the superior performance of UnREAL,
using the RLMF adaptive pipeline when comparing results to other SOTA language models on the
NIFTY test set. UnREAL achieves a substantial increase in both accuracy (0.72) and F1 score
(0.71), outperforming every model including OpenAl’s newest model, GPT-40. This overwhelming
improvement highlights the effectiveness of the RLMF loss in enhancing the model’s capability
to predict stock price movements accurately. Furthermore, in Table 3 we observe LLaMA models
finetuned on NIFTY and evaluated on NIFTY-test in general outperform base and FLARE models
trained and evaluated on their corresponding datasets. This leads credence to the hypothesis that the
NIFTY dataset is more rich in pertinent information for stock market movement tasks.

C Datasets and Benchmarks

C.1 NIFTY Dataset

The News-Informed Financial Trend Yield (NIFTY) dataset [34] is a processed and curated daily
news headlines dataset for the stock (US Equities) market price movement prediction task. NIFTY
is comprised of two related datasets, NIFTY-LM and NIFTY-RL. In this section we outline the
composition of the two datasets, and comment on additional details.

Dataset statistics  Table 4 and Table 5 present pertinent statistics related to the dataset.

C.1.1 NIFTY-LM: SFT Fine-tuning Dataset

The NIFTY-LM prompt dataset was created to finetune and evaluate LLMs on predicting future
stock movement given previous market data and news headlines. The dataset was assembled by
aggregating information from three distinct sources from January 6, 2010, to September 21, 2020.
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Table 4: Statistics and breakdown of splits sizes ~ Table 5: Date Ranges of news headlines in splits

Category Statistics Split Num. Samples Date range

Number of data points 2111 Train 1477 2010-01-06 to 2017-06-27
Number of Rise/Fall/Neutral label 558 /433 /1122 Valid 317 2017-06-28 to 2019-02-12
Train/Test/Evaluation split 1477171317/317 Test 317 2019-02-13 to 2020-09-21

Anticipate the direction of the SSPY by analyzing market data and news from 2020-02-06.

(a) Instruction component of a 7z policy query zg.

date, open, high, * ¢ ¢, pct_change, macd, boll_ub, boll_Ib, rsi_30, ¢ ¢, close_60_sma

2020-01-27, 323.03, 325.12, = *+, -0.016, 2.89, 333.77, 319.15, 56.26, * * * , 317.40
2020-01-28, 325.06, 327.85,  » », 0.0105, 2.59, 333.77, 319.55, 59.57, <+ , 317.78

2020-02-04, 328.07, 330.01, = =+, 0.0152, 1.3341, 333.60, 321.26, = *, 319.41
2020-02-05, 332.27, 333.09, **+, 0.0115, 1.7247, 334.15, 321.73, e+, 319.82

(b) The market’s history is provided as the past ¢ days of numerical statistics like the (OHLCV) price (in blue)
and common technical indicators (in orange) (e.g. moving averages) data.

Figure 5: Breaking down the instruction or prompt prefix, and market context components of a
prompt, x,,.

The compilation includes headlines from The Wall Street Journal and Reuters News, as well as
market data of the $SPY index from Yahoo Finance. The NIFTY-LM dataset consists of:

e Meta data: Dates and data ID.

* Prompt (z,): LLM question (Zgyestion ), market data from previous days (Zcontest), and
news headlines (z,,cws)-

* Response: Qualitative movement label (x,.) € {Rise, Fall, Neutral}, and percentage
change of the closing price of the $SPY index.

To generate LLM questions, (Zgyestion), the authors used the self-instruct [50] framework and
OpenAl GPT4 to create 20 synthetic variations of the instruction below:

Create 20 variations of the instruction below.

Examine the given market information and news headlines data on DATE to
forecast whether the $SPY index will rise, fall, or remain unchanged. If you think
the movement will be less than 0.5%, then return ’Neutral’. Respond with Rise,
Fall, or Neutral and your reasoning in a new paragraph.

Where DATE would be substituted later, during the training phase with a corresponding date.

Context The key ‘context’ (T context) Was constructed to have newline delimited market metrics
over the past T (= 10) days (N.B. Not all market data for the past days for were available and therefore
prompts might have less than 10 days of market metrics.).

Table 6 show the details of financial context provided in each day’s sample.

News Headlines (@yeqs): Final list of filtered headlines from the aggregation pipeline. The
non-finance related headlines were filtered out by performing a similarity search with SBERT model,
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Table 6: Summary of the dataset columns with their respective descriptions.

Column Name Description

Date Date of the trading session

Opening Price Stock’s opening market price

Daily High Highest trading price of the day

Daily Low Lowest trading price of the day

Closing Price Stock’s closing market price

Adjusted Closing Price Closing price adjusted for splits and dividends

Volume Total shares traded during the day

Percentage Change Day-over-day percentage change in closing price

MACD Momentum indicator showing the relationship between two moving averages

Bollinger Upper Band  Upper boundary of the Bollinger Bands, set at two standard deviations above the average
Bollinger Lower Band Lower boundary, set at two standard deviations below the average

30-Day RSI Momentum oscillator measuring speed and change of price movements
30-Day CCI Indicator identifying cyclical trends over 30 days

30-Day DX Indicates the strength of price trends over 30 days

30-Day SMA Average closing price over the past 30 days

60-Day SMA Average closing price over the past 60 days

"all-MiniLM-L6-v2" [36]. Each headline was compared to a set of artificially generated financial
headlines generated by GPT-4, with the prompt "Generate 20 financial news headlines". Headlines
with a similarity score below 0.2, were excluded from the dataset. To respect the prompting ‘context
length’ of LLMs, in instances where the prompt exceeded a length of 3000 words, a further refinement
process was employed. This process involved the elimination of words with a tf-idf [37] score below
0.2 and truncating the prompt to a maximum of 3000 words.

It is also important to note that the dataset does not encompass all calendar dates within the specified
time range. This limitation emanates from the trading calendar days, and absence of relevant financial
news headlines for certain dates.

Label (x,): The label is determined by the percentage change in closing prices from one day to
the next, as defined in equation 9. This percentage change is categorized into three labels: {Rise, Fall,

Neutral}, based on the thresholds specified in equation 10.

Closing Price, — Closing Price,

PCTopange = ( ) x 100% ©)

Closing Price,_;
Fall if PCTihange < —0.5%
x, = { Neutral if —0.5% < PCTehange < 0.5% (10)
Rise if PCThange > 0.5%

C.2 NIFTY-RL: Preferences Dataset

The preference dataset is a variation of the fine-tuning dataset and it is designed for alignment training
of LLMs using reward model. In NIFTY-RL, labels are omitted and replaced with chosen and rejected
results. The chosen result is a label corresponding to a rise, a fall or neutral movement in the stock
market and is equivalent to the response in NIFTY-LM. The rejected result is a random label not
equal to the chosen label.

* Metadata: Includes dates and data identifiers.

* Prompt (z,): Includes an LLM instruction (Zgyestion), preceding market data (2 contewt)s
and relevant news headlines (Z,,cws)-

* Chosen Result: A qualitative movement label (x,.) from { Rise, Fall, Neutral} indicating
the predicted market trend.

* Rejected Result: A label (x,) randomly selected from
{Rise, Fall, Neutral, Surrender} \ {z,}, representing an incorrect market prediction.
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C.3 FLARE Benchmark Datasets

Stock Movement Prediction Datasets and Tasks: Flare-SM tasks FLARE proposed by [53],
extends to include one financial prediction task — the CIKM dataset [51] as an evaluation task among
(four) other general financial NLP tasks. Under the hood, this benchmark is a fork of the ‘/m-eval*
harness [11] with addendums. Other stock price movement prediction from social dataset include
what is referred to as ACLI8 (or, ‘acl18’) in this paper is essentially the StockNet [55] dataset which
comprises of stock tweets of 88 stock tickers from 9 financial market industries from Twitter over
two years (from 2014-2015) aligned with their corresponding historical price data. BigData22 [42]
is another more recent tweets dataset comprising of tweets about 50 stock tickers during the period
2019-07-05 to 2020-06-30.

Table 7: Summary of Flare stock price movement datasets. The ‘Stocks’ column indicates the total
number of different stock tickers referenced. The “Tweets’ and ‘Days’ columns represent the number
of tweets and days respectively in each dataset.

Data Stocks | Tweets | Days | Start Date | End Date

ACL18 87 106,271 | 696 |2014-01-02|2015-12-30

BigData22 | 50 |272,762| 362 |2019-07-05 | 2020-06-30

CIKM18 38 955,788 | 352 |2017-01-03 | 2017-12-28

D Additional Related Work

In this section we enclose works encompassing ML/AI/RL based techniques for financial mar-
ket downstream tasks, specifically tasks pertaining to market forecasting (that can be movement
prediction, or, regression tasks of price forecasting).

D.1 History of using PLMs, then LLMs in the Financial domain

Many PLMs for the financial domain have been proposed by continual pre-training PLMs with
large-scale financial texts. [3] proposed the first financial PLM called FinBERT that pre-trained
BERT [21] with open released financial corpus such as TRC2financial [30] and Financial Phrase
Bank [28]. FinBERT outperforms neural network methods such as LSTM in financial sentiment
classification tasks. [56] further proposed FinBERT by pre-training BERT with a 4.9 billion tokens
financial communication corpus, which outperforms BERT on three financial sentiment classification
datasets. [39] proposed FLANG, a financial PLM with BERT and ELECTRA [9] as the backbone.
Besides English, financial PLMs in other languages, such as Chinese, were also proposed, such as
Mengzi-fin [57] and BBT-FinT5 [27].

Financial LLM Evolution Latest, [52] proposed BloombergGPT, the first financial large language
model with 50 billion parameters, that is pre-trained with mixed datasets from the general and
financial domain. However, neither the model nor pre-trained domain datasets are released. The
model is also not instruction-following like other LLMs such as ChatGPT and GPT-4. Meta AI’s
LLaMA [45] was the first open-source LLM with parameters ranging from 7B and 13B to 65B that
gained widespread traction in the research and open-source community. LLaMA-13B has comparable
and even better performance than GPT-3 [5] with 175B parameters on common sense reasoning
tasks. Following efforts have been proposed to improve LLaMA for instruction following like
ChatGPT, by instruction tuning. Such as the Alpaca [44] model by fine-tuning LLaMA-7B with 52K
instruction-following samples generated with the self-instruct method [49]. [8] proposed Vicuna-13B
by fine-tuning LLaMA-13B with 70K conversation data from ShareGPT [40]. It can generate better
answers to user’s questions compared with Alpaca. However, there are no open-sourced LLMs and
instruction-tuning data entirely focused on the financial domain. FinMA [53] series of model along
with the recently release Flare benchmark aims to fill this void, however, these models uses (Llama
1 [46]) as the base model that were not tuned to be instruction following assistants.

Natural language based financial forecasting We direct interested readers to survey papers
like [54] that details recent related works. We note that while financial news has long been used

14


https://github.com/yumoxu/stocknet-dataset
https://github.com/stocktweet/stock-tweet
https://github.com/wuhuizhe/CHRNN

for financial forecasting, however, majority of such works first does (variants of) sentiment classifi-
cation, i.e. attaching an (human opinionated) label of ‘goodness’ of the news prior to feeding that
(opinionated) label for downstream forecasting, or prediction pipeline. We think such approaches
are ineffective if not naive. The sentiment of this sentence (as we perceive it): “The new Apple
iPhones got horrendous reviews” is irrelevant; labelling (if any) should come from the market.
In this case, the sentiment is positive if Apple’s stock price goes up. [4]’s related work show that
sentiment has little predictive power for near-term future stock returns. Further, evidence did not
support the conventional wisdom that sentiment primarily affects individual investors and small
stocks. [2] explores whether Internet stock message boards can move markets.
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