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Thesis Statement

In this thesis, I aim to develop machine learning methods for modeling financial data

that is inherently domain-specific, long-context, temporally structured, and multimodal,

including sequences of textual, tabular, and time series data. My goal is to design

specialized AI systems that capture these structural properties and can extract, integrate,

and reason over these heterogeneous information sources to generate predictive signals,

enabling financial forecasting and decision-making at scale in real-world settings.
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Abstract

Long-Context and Multimodal Language Models for Financial Forecasting

by

Ross Koval

Financial markets produce vast amounts of multimodal data, including textual sources,

such as financial news, earnings conference calls, and financial reports, coupled with struc-

tured numerical data, such as market prices and accounting statements. This combina-

tion of rich multimodal inputs and the natural availability of market-based supervision

presents a compelling opportunity for the development of machine learning and natural

language processing methods. However, financial data exhibits several unique challenges.

Financial documents are long, complex, and domain-specific. The data has strong tem-

poral structure and information must be interpreted in the context of prior related events.

In addition, textual and numerical modalities must be jointly modeled to capture their

unique patterns and interactions. While existing language models are remarkably ca-

pable, they remain limited in their ability to address these challenges, as they struggle

with long-range temporal dependencies, structured numerical reasoning, and forecasting

future market outcomes.

This dissertation advances financial NLP and forecasting through the development of

long-context and multimodal language modeling methods tailored to the unique struc-

tural properties of financial data. To this end, we develop a sequence of methods that

progressively expand the modeling scope and depth from single documents to temporally

structured, multimodal sequences.

First, we begin by demonstrating that domain-adapted and long-context language

models can be trained end-to-end on earnings conference calls to predict long horizon fi-

ix



nancial outcomes. Second, we introduce methods for comparing financial documents, en-

abling models to capture predictive signals expressed through subtle relationships across

key content. Third, we model paired and temporally aligned sequences of textual and

tabular data, demonstrating that each modality contains unique structure and predic-

tive information. Fourth, we study contextualized forecasting from sequences of financial

news, proposing an efficient method for incorporating relevant historical context. Fi-

nally, we develop a multimodal architecture with modality-specific expert components

for jointly modeling interleaved, mixed-frequency sequences of text and time series data.

Collectively, these contributions demonstrate the value of specialized modeling ap-

proaches designed to capture the unique structure of domain-specific language, long-range

dependencies, temporal dynamics, and cross-modal interactions, leading to significant im-

provements in forecasting performance and economically meaningful gains in simulated

investment strategies.
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Introduction Chapter 1

Figure 1.1: Overview of the diverse financial forecasting settings studied and core
challenges addressed in this dissertation.

1.1 Introduction

Financial markets produce large volumes of textual data, including financial news,

earnings conference calls, and financial reports, as well as structured numerical data,

such as market prices and accounting variables. Accompanying these multimodal in-

puts are also many valuable market-based prediction targets available to use as supervi-

sion, including market price-based measures, such as returns and risk, and fundamental

accounting-based measures, such as revenue and earnings. This combination of rich mul-

timodal data and market-provided supervision presents a promising opportunity for the

development and application of machine learning and natural language processing meth-

ods. However, financial data has unique characteristics that pose significant challenges

for extracting actionable insights, including domain-specific language, long-context de-

pendencies, temporal structure, and multimodal interactions.
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Introduction Chapter 1

1.2 Financial NLP and Forecasting

Traditionally, financial forecasting has relied on structured numerical data, such as

accounting variables and market prices, to predict future firm performance and asset

returns [1]. However, substantial information relevant to these market outcomes is ex-

pressed in unstructured text. For instance, financial news, earnings calls, and regulatory

filings often provide qualitative context that is not directly reflected in numerical vari-

ables, including management expectations, strategic developments, risk disclosures, and

interpretations of recent events. This setting motivates the use of financial NLP as a

principled approach for improving financial forecasting by incorporating complementary

information that is not captured by structured numerical data alone.

Early work in financial text analysis relied heavily on expert-curated dictionaries

to measure sentiment and related linguistic properties [2, 3]. These studies found that

generic sentiment lexicons are poorly suited for financial language, leading to the develop-

ment of domain-specific resources such as the Loughran-McDonald Financial Sentiment

Dictionary [3]. However, dictionary-based approaches are limited by their lack of contex-

tual understanding, sensitivity to distribution shift, and dependence on manual curation.

In fact, recent evidence suggests that corporate executives have begun to strategically

reduce their usage of negative dictionary words [4], further illustrating their fragility.

More recently, pretrained language models have been shown to enable stronger con-

textual understanding of financial text, including sentiment analysis, summarization,

question answering, and other domain-specific tasks [5–13].

Despite this progress, most existing financial language models are designed for short,

text-only inputs, and are not well aligned with the unique structural demands of financial

forecasting. In practice, financial prediction requires more than superficial, sentence-level

language understanding. Rather, it requires models that can adapt to financial language,

3
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reason over long and temporally structured documents, and integrate textual information

with structured numerical time series.

1.3 Core Challenges in Financial Data

This dissertation addresses four central challenges in applying language models to

financial forecasting.

First, financial language is highly domain-specific and specialized, with heavy use of

jargon, implicit references, and context-dependent semantics, requiring effective domain

adaptation. Models trained primarily on general-domain text often fail to capture the

meaning and significance of expressions that are specific to markets, accounting, and

corporate disclosures [3].

Second, financial documents are often long-context in nature. Earnings conference

calls, annual reports, and sequences of related news articles span thousands of tokens, and

the predictive signal is often distributed across multiple passages rather than localized in

a single sentence. This information structure motivates the need for strong long-context

understanding as a core requirement for financial NLP. While Transformer-based LMs

can, in principle, process long sequences, the self-attention mechanism scales quadrat-

ically in both time and space complexity, which has historically constrained most pre-

trained language models to short inputs. Recent work on efficient attention mechanisms

[14–17] has expanded the feasible context length, but effective utilization of long-range

information remains challenging. In particular, causal decoder models have been shown

to exhibit attention sinks, a phenomenon in which a disproportionate amount of attention

mass concentrates on the first few tokens of the sequence, regardless of query content,

as a consequence of the causal attention mask and the softmax normalization constraint

[18, 19]. This positional bias contributes to the broader lost-in-the-middle effect, in which

4
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models struggle to utilize information located in the middle of long contexts and often

become distracted when provided with mixed relevance content [20].

Third, financial data is inherently temporal. A given financial document cannot be

interpreted in isolation; its meaning depends on the history of related documents and

events that precede it. For instance, a news article reporting a revenue miss carries dif-

ferent implications depending on whether it follows a sequence of positive or negative

reports for the same company. This creates a modeling challenge that is distinct from

simply having a long context: the model must reason over temporal sequences of docu-

ments, each of which may itself be long and of mixed relevance to others, and capture

how information evolves and compounds over time.

Fourth, financial data is inherently multimodal. In realistic forecasting settings,

textual documents coexist with structured numerical signals and these modalities evolve

jointly over time. Effective prediction often depends on reasoning across both tem-

poral and modality dimensions. This introduces additional challenges, since language

is a compressed, high-level modality, while financial time series are raw and low-level,

exhibiting high noise, irregular patterns, and lower-dimensional structure [21]. Recent

work has shown that applying the same set of parameters to all modalities produces neg-

ative transfer and interference [22–25], broadly reinforcing findings in text-only language

models in which sparse mixture-of-experts (MoE) architectures [26, 27] improve perfor-

mance through parameter specialization, suggesting that modality-specific parameteri-

zation may be similarly beneficial in these multimodal settings. Furthermore, language

models are generally poorly suited to natively represent and reason over time series data,

as they are explicitly optimized for linguistic structure [28–30]. These findings moti-

vate the need for the development of modality-specific modeling designs and cross-modal

alignment strategies.

Collectively, this set of challenges highlights the need for specialized modeling ap-

5
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proaches that are explicitly designed for the unique characteristics of financial data and

forecasting.

1.4 Forecasting Tasks and Evaluation

In this dissertation, financial forecasting serves as the primary benchmark for eval-

uating a model’s ability to understand and reason over information from textual and

structured financial data. The methods developed here are evaluated across multiple fore-

casting tasks and under diverse settings, progressing from single-document prediction to

temporally structured multimodal sequences. The prediction targets considered include

both price-based measures, such as returns, risk, and correlations, and fundamental-

based measures, such as earnings. These targets provide a natural source of supervision

derived from future market outcomes.

Although these problems are typically formulated as supervised learning tasks, finan-

cial forecasting is fundamentally different from traditional supervision settings because

the target labels are forward-looking, noisy, and only weakly predictable. Financial

markets are complex adaptive systems in which many participants with heterogeneous

information, beliefs, and objectives interact to determine asset prices. As a result, the

relationship between input features and future outcomes is noisy, non-stationary, and

highly context-dependent [31]. Predictive signals are weak individually, becoming infor-

mative only when aggregated across large datasets or long time horizons. This setting

necessitates evaluation across extended time periods that span diverse economic regimes

to rigorously assess whether a model captures robust predictive patterns rather than

spurious artifacts of a particular market environment.

Furthermore, a critical requirement in the financial domain is the use of strictly

temporally structured evaluation protocols [32, 33]. Since financial data is sequential,

6
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models must be evaluated on held-out data that occurs strictly after the training period

to prevent information leakage and reflect realistic forecasting conditions. In addition to

standard predictive metrics, this thesis also evaluates model outputs through investment

portfolio simulations under realistic implementation assumptions, including liquidity fil-

ters and conservative estimates of transaction costs [31, 34, 35]. This setup provides

a direct measure of the economic value of model predictions and ensures that reported

gains reflect net performance after implementation costs.

Taken together, this combination of diverse forecasting tasks, temporally structured

evaluation, and economic simulations makes financial forecasting a real-world, challeng-

ing, and rigorous setting for evaluating long-context, temporally grounded, and multi-

modal language models.

1.5 Summary of Contributions

This dissertation advances financial NLP and forecasting through a sequence of con-

tributions in the following chapters that progressively expand the modeling framework to

address increasingly complex settings, from single documents to temporally structured

and multimodal sequences.

First, in Chapter 2 [36], we explore domain adaptation and long-context modeling of

earnings conference calls, and demonstrate that language models can be trained directly

on transcript text to predict long-horizon financial outcomes, outperforming traditional

models based on financial variables.

Second, in Chapter 3 [37], we study financial forecasting settings in which predictive

signals are expressed through subtle relationships in key content across long financial

documents. We introduce methods for aligning and comparing these documents, en-

abling models to learn cross-document reasoning over complex, nuanced signals. We

7
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demonstrate that modeling fine-grained cross-document interactions yields significant

improvements in forecasting company risk and correlation from the text of financial re-

ports.

Third, in Chapter 4 [38], we extend the forecasting setting from text-only inputs to

temporally aligned multimodal sequences, modeling complex interactions between tex-

tual documents and structured numerical signals across both temporal and modality

dimensions. We demonstrate that each modality contains unique structure and predic-

tive information, and the importance of targeted cross-modal fusion.

Fourth, in Chapter 5 [39], we study contextualized forecasting from sequences of fi-

nancial news articles, where a given article can only be accurately interpreted in the con-

text of prior related reporting. We propose an efficient contextualization and alignment

framework for incorporating relevant historical context, improving the language model’s

understanding of the current news, as well as downstream forecasting and investment

performance.

Finally, in Chapter 6 [40], we study multimodal forecasting from interleaved, mixed-

frequency sequences of text and time series data. We propose a multimodal architecture

with modality-specific expert components and a cross-modal alignment framework for

jointly modeling these interleaved sequences. We demonstrate that dedicated capacity

for each modality mitigates negative transfer and improves cross-modal reasoning.

Collectively, these works demonstrate that language models can be specialized to cap-

ture the unique structure of financial data, including domain-specific language, long-range

dependencies, temporal dynamics, and cross-modal interactions. Across diverse forecast-

ing settings, we demonstrate that this specialization yields significant improvements in

forecasting and investment performance.

8
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Input:

“. . . we continued our positive momentum
in the first quarter reporting comp sales
that accelerated from our
strong fourth quarter performance.
during the quarter, we drove market share gains
and better than expected profitability
by capitalizing on the advantages of our business
model with dynamic marketing, compelling brands,
and providing our customers
with the preferred beauty shopping experience. . . ”

Output: Positive Surprise, P (y = 1) = 0.95

Figure 2.1: Paragraph of a sample transcript from the Validation Set that resulted in
a positive surprise prediction from the model.

2.1 Introduction

There is a multitude of textual data relevant to the financial markets, spanning genres

such as financial news, earnings conference calls, analyst recommendation reports, social

media posts, and regulatory filings. Earnings conference calls are one of the most impor-

tant datasets relevant to the information flow in equity markets because they reflect a

direct communication between company executives and financial analysts [41].

Many public companies in the US hold earnings conference calls quarterly, in which

their executives discuss the recent performance of the firm, their prospects, and answer

questions from financial analysts covering their firms. Typically, companies report results

quarterly at a lag of 4-6 weeks from the end of the previous period, and hold a conference

call shortly thereafter. Therefore, the company executives have substantial knowledge

into the next period’s results when the call is held, providing a rare opportunity to

detect textual indicators, such as tone and emotion in executive and analyst language

patterns. These diverse signals, which can vary from clear sentiment to more subtle

signs of deception [42] or obfuscation [43], may reveal important information about the

current and future prospects of the company and be used to forecast its future earnings
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surprises. Earnings surprises, which measure the operating performance of a company

relative to market expectations, are highly followed by equity investors and often result

in high magnitude stock returns and volatility [44].

In this chapter, we introduce the problem of learning for forecast company perfor-

mance from their long-form documents, specifically using the textual content of earnings

call transcripts to forecast future earnings surprises. It is important to note that this is a

challenging task because the forecasting horizon is long (∼3 months), producing a lot of

uncertainty between the forecast and event data, and there are legal restrictions about

what is allowed to be disclosed to the public during the call. As a result, it is not clear a

priori if the content of call transcripts contains sufficient task signal to outperform even

uninformed baselines.

In the broader literature, there has been growing interest in the relevance of textual

content to financial markets that has increasingly grown in sophistication in recent years.

Some initial attempts used the Harvard General Inquirer IV-4 (HGI) dictionary to mea-

sure word polarity in financial text but found there to be domain mismatch [45]. Then,

Loughran and Mcdonald [46] constructed their own financial-specific sentiment dictionary

(LM). Interestingly, they found that 75% of words with strong negative polarity in the

HGI dictionary had a neutral sentiment in a financial context (e.g. liability, tax, excess,

etc.). Further, Ke et al. [47] develop a supervised learning method to identify sentiment

in WSJ news articles, and found that over 40% of the most negative words identified by

their model are not present in the LM dictionary because they are not negative in the

context of regulatory filings. In other words, even within the financial domain, there can

be a genre mismatch between different types of financial text. This motivated us in this

work to explore models that are well attuned to the language of earnings conference calls.

However, the length of these conference calls, typically ranging from 5,000 to 10,000

words per transcript, creates some challenges because many of the popular pretrained
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language models only support a maximum length of 512 tokens. While there have been

many advances in developing Efficient Transformers that reduce the time complexity

of the self-attention mechanism, these methods are still computationally expensive to

pretrain and there does not yet exist a variety of pretrained versions, such as BERT

[48] and RoBERTa [49], which both contain many variants targeting specific domains,

such as biology [50], medicine [51], law [52], finance [53], and many others. As far as

we know, there does not exist equivalent domain specific pretrained versions of these

Efficient Transformers.

In this work, we explore a variety of approaches to this novel long document classifi-

cation task and make the following contributions.

1. We introduce a novel task of using the text from earnings conference calls to make

long-horizon predictions of future company earnings surprises (§2.3).

2. We explore a variety of approaches for this task, including simple bag-of-words

models as well as long document Transformers, such as Efficient Transformers and

tailored Hierarchical Transformer models, establishing the state of the art (§2.4).

3. We demonstrate that it is possible to predict companies’ future earnings surprises

with reasonable accuracy from solely the textual content of their most recent con-

ference calls (§2.5).

4. We probe the best model through different interpretability methods to reveal some

intuitive explanations of the linguistic features captured, which indicates that our

model is learning more powerful features than just traditional sentiment (§2.6).

12
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2.2 Related Work

2.2.1 Long Document Classification

There are generally two different approaches to modeling long documents. First, there

is a class of Efficient Transformer models that were designed for long documents, such

as Transformer-XL [54], Longformer [14], BigBird [55], and Reformer [16], which modify

the self-attention mechanism in the original implementation to make it more efficient to

accommodate longer contexts. These models have been shown to excel at long document

understanding tasks, such as classification, question-answering, and summarization.

Alternatively, a hierarchical attention approach can be used. In Hierarchical Atten-

tion Networks [56], the authors model a document in a hierarchical fashion, viewing a

sentence as a sequence of words and a document as a sequence of sentences, and use

self-attention and recurrent networks to produce document representations. More re-

cent work on Hierarchical Transformers (HTs) extend this approach to use pretrained

language models for segment-level embeddings and Transformers for document-level rep-

resentations [57–60]. This approach naturally supports longer sequence lengths due to

the product of multiple self-attention mechanisms. Although Efficient Transformers are

attractive in principle, there is much less availability of them pretrained in different

domains and languages, such as mBERT [48] and XLM-RoBERTa [61].

2.2.2 Financial Prediction

Since earning conference calls are highly followed by most investors, there has been

a considerable amount of research performed on them. For instance, Larcker and Za-

kolyukina [42] use data on subsequent financial restatements to analyze conference calls

for deceptive behavior. Frankel et al. [62], apply traditional ML models to extract the

13



Long-Context Modeling of Earnings Calls Chapter 2

sentiment of conference calls and use it to predict subsequent analyst revisions. However,

as far as we know, this is the first work that uses deep learning to directly learn to predict

earnings surprises from conference call transcripts in an end-to-end manner.

In Qin and Yang [63], the authors propose a deep multi-modal regression model that

jointly leverages textual and audio data from a small sample of conference calls to predict

short-term stock volatility. Sawhney et al. [64, 65] build on that work to leverage the

network structure of stock correlations with graph networks and financial features to

make joint predictions. Similarly, Sang and Bao [66] propose a multi-modal structure

that jointly models the textual dialogue in the call and the company network structure.

Further, Yang et al. [53, 67] propose a multi-modal model that leverages the numerical

content of financial text.

In Huang et al. [6], the authors release a pretrained language model for the financial

domain, termed FinBERT, and show that their model understands financial text signif-

icantly better than competing methods in many aspects, including sentiment and ESG.

They constructed the model by pretraining the BERT-base architecture from scratch

with a custom vocabulary on a large corpus of English text from the financial domain,

consisting of conference calls, corporate filings, and analyst recommendation reports, that

is commensurate in size to the BERT pretraining corpus.

2.3 Problem

2.3.1 Data

We collected manually transcribed English conference calls from the largest publicly

trade companies in the US (MSCI USA Index) over January 2004 to December 2011,

from FactSet Document Distributor. We also source Reported Earnings per Share (EPS)

14

https://www.msci.com/documents/10199/67a768a1-71d0-4bd0-8d7e-f7b53e8d0d9f
https://go.factset.com/marketplace/catalog/product/factset-document-distributor-xml-transcripts


Long-Context Modeling of Earnings Calls Chapter 2

and Analyst Consensus Estimates of EPS from FactSet Fundamentals and Consensus

Estimates, respectively. To focus on the largest and most actively traded companies in the

US, we filter the data such that all companies in the sample have market capitalizations

above $1B USD and daily average trading volume over $50M USD. Then, we temporally

partition the data into train, validation, and test sets. We use transcripts that occurred

between 2005 and 2009 as the training set, those that occurred in 2010 as the validation

set, and those that occurred in 2011 as the test set. It is important to note that these

sets must be temporally disjoint and monotonically ascending in time to avoid look-ahead

bias. We provide summary statistics in Table 2.1.

Train Validation Test

Start Date Jan 2004 Jan 2010 Jan 2011

End Date Dec 2009 Dec 2010 Dec 2011

Sample Size 4,056 524 588

Avg # of
Words

9,016 8,907 9,010

Max # of
Words

26,130 19,853 17,650

Avg # of
Sentences

390 409 415

Avg # of
Words per
Sentence

25 22 22

Table 2.1: Summary Statistics of the Earnings Call Transcript dataset on each sample split.

2.3.2 Supervised Learning Task

We propose the task to predict the direction of the next earnings surprise ES from

solely the textual content of the most recent transcript as a supervised learning task.

Therefore, the input is a raw, unsegmented, English transcript with maximum number of
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words LT . We set LT to be 12,000 words (∼20,000 BERT tokens) for computational and

memory constraints, and because less than 10% of the transcripts in the sample are longer

than that length. We select the Standardized Unexpected Earnings [SUE; 68] as our

measure of earnings surprise, which is defined to be the difference between the reported

EPS of the company and the analyst consensus estimate of the EPS, scaled by the inverse

of the standard deviation (dispersion) of the analyst forecasts. We measure the analyst

consensus estimate as the mean of all latest valid analyst forecasts, collected 1-month

following the last earnings call transcript (the one we are using to make the prediction),

which serves as the closest approximation to forward-looking market expectations; this

allows analysts to update their forecasts based off their perception of the conference call

and recently reported company results, and yields a more challenging, but potentially

more rewarding, task than if we collected analyst forecasts at an earlier time horizon.

We note that there is roughly a 3-month time horizon between the earnings call and

the reporting of the next earnings surprise, making this long horizon prediction task

particularly challenging.

ES = RepEPS−Avg(EstEPS)
Std(EstEPS)

y =


0, ES ≤ −δ

1, ES ≥ δ

We binarize the continuous value, such that an ES above δ corresponds to a label

of +1 and represents a positive surprise, while an ES below −δ corresponds to a label

of 0 and represents a negative surprise. We select a value for δ of 0.10 as a balance

between the sample size and the significance of the events, such that about 1
4

of events

are positive surprises and 1
4

of events are negative surprises. We discard transcripts which
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do not result in a material earnings surprise. Since this does not translate to a perfect

class label balance, we randomly down-sample the majority class, such that there is an

equal 50/50 split of positive surprises and negative surprises in each sample split, to more

easily interpret the results. Thus, we can use accuracy score as our primary evaluation

metric. We use binary cross-entropy as the loss function for this binary classification

task.

While the underlying earnings surprise metric is continuous, the importance of the

metric to the market is often more binary. In general, market participants are more

interested in the direction of the surprise than the precise magnitude of it and typically

react accordingly insofar as the surprise is a “material” event. However, there are neutral

cases when the company beats or misses the forecast by a small margin (i.e. [-0.10,

0.10] in this work) in which market reaction is typically lower. These boundary cases

are generally difficult for the model to learn from at this long horizon because the ex-

ante true probability is approximately random and there is often some form of earnings

management involved. Therefore, we choose to focus on the most important earnings

surprise events and disregard the neutral class.

2.4 Methods

2.4.1 Approach

We provide a wide variety of baseline models for this task, consisting of a combination

of traditional and neural models, and establish several strong baselines as well as the

state-of-the-art. While the current literature suggests that domain adaptation methods,

such as language model finetuning on a domain-relevant corpus, is beneficial when using

generic pretrained language models in out-of-distribution tasks, [69, 70], this additional
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pretraining is computationally expensive and requires large-scale datasets to be effective.

Therefore, we explore the use of existing pretrained language models.

2.4.2 Bag-of-Words

For the classical ML baselines, we select bag-of-words with n-grams (BOW) with TF-

IDF weighting [71], and Logistic (Logistic) and Gradient Boosted Decision Trees (GBDT)

as classifiers. We also provide a simple dictionary-based model that uses the proportion

of words in each category of the Loughran and McDonald (LM) financial sentiment

dictionary as features to a Logistic classifier. Additionally, we consider both general

(BERT-Sent) and domain-specific (FinBERT-Sent) pretrained sentiment classifiers that

are applied at the sentence level and aggregated with simple majority-rule voting. BERT-

Sent is BERT-base-uncased [48] finetuned on IMDB movie reviews [72] and FinBERT-

Sent is FinBERT [6] finetuned on manually labeled sentences from financial analyst

research reports.

Given that the positive autocorrelation of earnings surprises is documented in the fi-

nancial literature [73], we provide a simple autoregressive time-series baseline AR(1) that

fits a logistic classifier on the continuous value of the firm’s previous earnings surprise.

In general, the autocorrelation beyond the most recent quarter is much lower. While the

resulting performance is far below that of the best long-document models we provided,

it is important to note that the signal contained in the text is likely largely distinct from

and complementary to the information contained in the lagged surprise variables.

2.4.3 Short Context Models

For the short context models that only support up to 512 tokens of text, we consider

multiple variants of FinBERT, including first, last, and random 512 tokens (truncation),
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as well as various forms of aggregation, including mean & max pooling over time, to

aggregate segment embeddings into document representations.

2.4.4 Hierarchical Transformers

We provide various forms of Hierarchical Transformers (HTs) with different pretrained

segment encoders, and train them end-to-end on our supervised learning task. HTs take

a hierarchical approach by dividing each long document into shorter non-overlapping

segments of maximum length L. To do so, we use greedy sentence chunking to recursively

add sentences to each segment until the length of the segment exceeds L. We choose this

segmentation strategy to avoid breaking up and mixing sentences into chunks to better

preserve their syntax and semantics. Since it is not clear what the optimal value of L

should be, we treat it as an additional hyperparameter and tune it over {32, 64, 128}.

Segment Encoder

We initialize the segment encoder with pretrained models, which typically supports a

maximum sequence length of 512 tokens. We explore BERT [48] and FinBERT [6]. This

model produces contextualized embeddings of all tokens in each segment and we extract

the last hidden state of the first [CLS] token as our segment representation [48].

Document Encoder

We use the standard Transformer architecture [74] with multi-head self-attention

and sinusoidal positional encodings as the document encoder. The document encoder

is responsible for taking the segment embeddings and producing contextualized segment

representations by allowing each segment to attend to all other segments in the document

and share information. We apply max pooling over time and concatenate with the first
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state to arrive at our document representation. We tune the number of layers over

{2, 3, 4} and set the number of attention heads in each layer to be 6.

2.4.5 Efficient Transformers

We select BigBird [55] as our Efficient Transformer baseline model because it has

been shown to exhibit state-of-the-art performance on long document classification and

question-answering tasks [55]. The model applies a combination of local (sliding window),

random, and global attention to sparsely approximate the full self-attention matrix. We

also experimented with Longformer [14] but found BigBird to be more efficient and

effective on this task, likely due to the increased number of global attention tokens

and smaller attention window sizes. This result may suggest that the number of global

attention tokens can be traded-off against the attention window size to improve efficiency

and maintain effectiveness in Efficient Transformer models.

Since there are no versions of BigBird pretrained on the financial domain, we use

the RoBERTa-base checkpoint that was warm-started from RoBERTa-base and further

pretrained on a large corpus of long documents. We continue the MLM pretraining

process on our in-task dataset to adapt to financial language [70]. We tune the block

size over {32, 64, 84} and the number of random blocks over {3, 4, 5}. Please see

Appendix A for more details.

We also provide two simple, heuristic-based extraction baselines in which we first

extract the most salient (a priori) sentences in each transcript, defined to be those that

contain forward-looking statements (FLSE) according to Li [75] or positive/negative sen-

timent words (LMSE) according to the LM dictionary, and pass the resulting abridged

text to BigBird, thereby reducing the text length by about 75% and 67%, respectively,

and potentially avoiding the truncation of the most relevant sentences. However, we do
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not find these extraction steps to be effective and discuss them further below.

2.4.6 Implementation Details

We train all models for a maximum of 10 epochs and select the checkpoint with

the highest validation accuracy for further evaluation. BigBird and Hierarchical Trans-

formers both contain approximately 130M parameters. We include more details on the

implementation and training process in Appendix A.

2.5 Results

2.5.1 Comparison

Model Test Accuracy

AR(1) 58.33%
BERT-Sent 49.58%
FinBERT-Sent 51.27%
LM + Logistic 60.20%
BOW + Logistic 67.68%
BOW + GBDT 71.43%

FinBERT – First 512 63.44%
FinBERT – Last 512 62.24%
FinBERT – Random 512 62.07%
FinBERT + Mean Pooling 66.84%
FinBERT + Max Pooling 73.28%

BigBird 75.87%
BigBird + MLM 74.30%
BigBird + FLSE 65.65%
BigBird + LMSE 72.98%

Hierarchical BERT 70.24%
Hierarchical FinBERT 76.56%

Table 2.2: Comparison of classifier performance on the test set across the neural and
non-neural baselines. The best model in each class is indicated in bold.
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As shown in Table 2.2, the pretrained sentiment models with simple majority-rule vot-

ing, BERT-Sent and FinBERT-Sent, fail to perform much better than random chance,

indicating the difficulty of the task. Surprisingly, we observe that a simple bag-of-ngrams

with TF-IDF weighting performs comparatively well on this dataset when used with GB-

DTs, outperforming many of the simple neural baselines. This indicates that substantial

signal can be captured through non-linear interaction of normalized unigram/bigram fea-

tures. It also indicates the models that try to reduce the length of text through either

various forms of truncation or simple aggregation, likely dilute the signal and do not

possess the ability to identify and capture the most salient portions of the transcript.

Further, we observe the importance of domain alignment within the Hierarchical

Transformer models, with FinBERT performing significantly better than BERT for this

task. Given earnings conference calls were a large component of the pretraining corpus,

the benefit of FinBERT is expected. However, we do not find that domain adaptation

of BigBird via further MLM pretraining to be beneficial in this setting, likely because of

the small size of the training set.

Interestingly, we find that the addition of FLSE and LMSE is detrimental to the

performance of BigBird, and that FLSE performs considerably worse than the best simple

baselines, suggesting that the signal contained in the task requires the additional text to

contextualize statements about forward-looking performance with information about the

past and present, and supports the view that a model that can simultaneously process

the full transcript in an end-to-end manner is required for strong performance on this

task.
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# Tokens Test Accuracy

1,000 70.09%
2,000 72.64%
5,000 74.34%
10,000 75.72%
20,000 76.56%

Table 2.3: Comparison of model performance when truncating the text in the test set
at various length cutoffs in terms of number of FinBERT tokens.

2.5.2 Document Length

In Table 2.3, we apply the trained Hierarchical FinBERT model to the test set with

different truncation lengths. Our results also indicate the performance degradation when

truncating long documents to shorter lengths and demonstrate the need for models to

support the ability to process longer documents, as there is more than a 6% gap in

test set accuracy between using the first 1,000 tokens and using the first 20,000 tokens,

indicating that truncation loses valuable information contained in the middle of the

transcript. While the first and last portions of the transcript may be the most relevant,

it is clear that the middle portions also contain predictive value.

2.5.3 Training Efficiency

Model Time

Hierarchical FinBERT 1.00
BigBird 1.40
Longformer 1.79

Table 2.4: Comparison of model finetuning times per epoch normalized to Hierarchical
FinBERT.

In Table 2.4, we observe that the hierarchical structure of our model is quite efficient

for processing long documents ( 20K tokens). Compared to BigBird and Longformer,
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which can only process the first 4,096 tokens, we observe an approximately 50% speed

up in finetuning time.

2.6 Model Interpretability and Analysis

Since Hierarchical FinBERT was the best performing model, we probe its predictions

through a variety of interpretability methods to better understand the linguistic features

important to this task.

2.6.1 LIME

First, we conduct Local Interpretable Model-agnostic Explanations (LIME) [76] as a

word-level attribution test, which constructs a sparse linear model across the perturbed

neighborhood of each sample to approximate the influence of the top 10 features (words)

to the model’s prediction. We sort by the words that have the highest feature impor-

tance summed over 100 random samples from test set (given length of the transcripts,

performing this analysis on the full test set was not computationally feasible).

Top Words for
Positive Surprise:

higher, strong, great, raising,
beat, congrats, outperformance,
benefitted, quarter, formidable,
improvement

Top Words for
Negative Surprise:

bad, challenging, negatives,
impacted, caused, tough,
unfavorable, because,
capacity, offset

Figure 2.2: Top Words according to largest LIME weights summed over a random
selection of 100 samples from the test set.

As shown in Figure 2.2, many of the phrases with the highest importance have a

strong sentiment attached to them. For instance, “congratulations” and “great quarter”
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are important features, which are used by financial analysts to praise the performance of

the company. Since it appears that the top positive words are more intuitive and have

larger magnitude weights, we conjecture that positive sentiment is more easily expressed,

while negative sentiment may often manifest in what is not said. We also note that words

such as “because” and “caused” may be used to try to explain away poor performance.

Category
#

words
%

words
%

sentences
coeff

p-
value

Positive 347 1.29 21.69 53.73 0.000
Negative 2345 0.65 11.99 -38.56 0.000
Uncertain 297 0.88 15.61 16.90 0.117
Litigious 903 0.13 2.50 14.59 0.284
Constraining 184 0.10 1.30 -31.97 0.050
Strong Modal 19 0.48 9.39 -9.51 0.106
Weak Modal 27 0.40 7.56 43.04 0.017

Table 2.5: Multivariate Linear Regression of model predictions onto LM financial
sentiment variables on the test set. All standard errors are clustered by firm and
year-month, and covariates include year-month fixed effects to account for intra-firm
residual correlation. The p-value represents a two-sided significance test.

2.6.2 LM Sensitivity Analysis

To further understand model behavior, we perform another interpretability test using

the LM financial dictionary and the predictions of Hierarchical FinBERT. We provide an

overview of the summary statistics of the dictionary and results in Table 2.5.

To do so, we compute the proportion of total words in each transcript that belong to

each LM category as financial sentiment variables. Then, we extract the model predic-

tions (P (y = 1)) on the test set and regress them onto the financial sentiment variables.

We observe that the model’s predictions are positively associated with positive financial

sentiment, and negatively associated with negative and constraining financial sentiment.

We also see smaller associations with strong modal (negative), litigious (positive),

and uncertain (positive), but these are less statistically significant. We note that the
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LM dictionary was created based on word meaning in a sample of firm regulatory filings,

which are distinct in style from conference calls, so there may be some domain mismatch.

While some of the variables are statistically significant at the 95% level, the linear model

has an adjusted R2 of 10.3% (without the fixed effects), indicating that the trained model

is capturing more than just LM sentiment. We note the negative relationship with strong

modal words, such as “must,” “best,” “clearly,” which may be used in persuasive writing

to convince the audience of a particular viewpoint, and we conjecture that this may be a

potential sign of executives trying to control the market narrative towards their company.

In fact, Loughran and Mcdonald [46] find that firms with higher proportions of strong

modal words in their regulatory filings are more likely to report material weakness in

their accounting controls. Conversely, there appears to be a positive relationship with

weak modal and uncertain words, such as “may,” “depends,” “appears,” which may be

a reflection of executives’s honest portrayal of their expectations about the future.

2.6.3 LM Sentence Masking

We also conduct a masking-based interpretability method in which we remove all

sentences in the test set that contain at least one word from any LM financial sentiment

category and perform inference on the masked test set. We report the model performance

in Table 2.6. We observe that while the trained model is capturing the sentiment conveyed

by each category of words, it is not overly reliant on any single category and appears to

be multi-faceted and balanced in its ability to utilize multiple types of signals inherent in

the transcripts. This indicates that the model is relatively robust to perturbations in the

input space, suggesting that it may be less susceptible to manipulation (e.g. if executives

try to avoid certain words or phrases they think the market would react negatively to)

than keyword based approaches.
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LM Category Accuracy

None 76.56%
Positive 70.41%
Negative 72.11%
Uncertain 69.73%
Litigious 69.39%

Constraining 69.90%
Strong Modal 69.56%
Weak Modal 70.69%

Table 2.6: Best model performance on the test set after dropping all sentences con-
taining at least 1 word in each respective LM financial sentiment category.

2.6.4 Forward-Looking Statements

Since a typical conference call contains information about the past, present, and

future performance of the company, we wish to understand the importance of forward-

looking content to the predictions. In particular, we define sentences that contain certain

keywords, such as “will,” “expect,” “believe,” etc., to be forward-looking statements

(FLS) according to Li [75]. We then examine the relationship between the number of

forward-looking statements in the text (NFLS) and the model performance in Figure 2.3.

Further, we observe that model performance generally increases for larger values of NFLS.

We conjecture that higher values of NFLS provide the model with more signal about the

firm’s future prospects.

2.6.5 Comparison

While the Hierarchical Transformer models are able to process almost the full tran-

script in an efficient manner, the best model (FinBERT) only outperforms BigBird by

about 0.70 absolute percentage points, even though it is able to process more than 5

times the number of tokens. This result seems to indicate that the BigBird architecture,

which applies the global attention simultaneously with local attention rather than in a
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Figure 2.3: Breakdown of model performance on test set by tercile of number of
sentences in the text that contain forward-looking statements.

hierarchical fashion, is more effective in this setting, perhaps because of the ability of

the model to inject global context into the token-level representations. Therefore, we

would expect BigBird to outperform the HTs if it could be extended to support longer

sequence lengths and/or adapted to the financial domain. However, given that BigBird

is already 50% slower than the HTs, the training time may become intractable without

adjusting to significantly smaller block sizes, and we leave it to future research to identify

the best approaches to efficiently extend Efficient Transformer models, such as BigBird,

to support longer sequence lengths [77].

2.7 Conclusion

In conclusion, in this chapter we propose a novel task that uses transcripts from

earnings conference calls to predict future earnings surprises. We formulate the problem

as a long document classification task and explore a variety of different approaches to

address it. While the length and language of the calls presents challenges for generic

pretrained language models, we establish several strong baselines. We demonstrate that

it is possible to predict companies’ future earnings surprises with reasonable accuracy
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from the solely the text of their earnings conference calls. Further, we probe the model

through multiple interpretability methods to uncover intuitive linguistic features that go

beyond traditional sentiment analysis.
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3.1 Introduction

Investors are faced with the consumption of a myriad of textual datasets relevant

to financial markets, spanning genres such as news, social media posts, and financial

reports. Public companies in the US are required to publish annual reports detailing

the current operations of the firm, recent financial performance, and discussing future

prospects. However, these reports contain over 25,000 words in length and large amounts

of financial and legal jargon. As noted in Cohen et al. [78], this length and linguistic

complexity have increased significantly over time as a result of increased government

regulations and business complexity, making it difficult for investors to efficiently process

the salient information contained in these reports.

Despite these challenging characteristics, financial reports do contain meaningful in-

formation about future company performance. For instance, Cohen et al. [78] show that

large year-over-year changes to the language of company reports indicates a significant

negative signal about their future performance and can predict financial variables, such

as earnings, profitability, and bankruptcy. While their methods are shown to be effective,

they only use simple string similarity measures to compare reports.

In a different application, given the detailed information about company business op-

erations contained in these reports, there is an opportunity to identify relationships be-

tween companies that can help predict their future market correlation. Public companies

are related to each other in various forms and this relationship governs the co-movement

of their stock prices. Therefore, the ability to predict that relationship in advance from

their reports is valuable to investment managers. These relationships can take various

forms, including, having similar products, sharing technologies, or being exposed to the

same economic risk factors. [79–81].

In this work, we explore these applications by curating a dataset of paired financial
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Annual Report - 2014 Annual Report - 2015

Our operations and facilities are
subject to extensive federal, state
and local laws and regulations
relating to the exploration for,
and the development, production
and transportation of, oil and
natural gas, and operating safety...

Our operations and facilities are
subject to extensive federal, state
and local laws and regulations
relating to the exploration for,
and the development, production
and transportation of, oil and
natural gas, and operating safety...

Results of Operations

Our oil and gas sales increased
$35.5 million (9%) in 2013 to
$420.3 million from $384.8
million in 2012. Oil sales in 2013
increased by $50.7 million (28%)
from 2012 while our natural gas
sales decreased by $15.2 million
(8%) from 2012. The increase in
oil sales was attributable to the
29% growth in oil production
offset by a 1% decrease in our
realized oil prices in 2013...

Depending upon future prices
and our production volumes,
our cash flows from our
operating activities may not
be sufficient to fund our capital
expenditures, and we may need
additional borrowings.
...If commodity prices remain
low, we may also recognize
further impairments of our
producing oil and gas properties
if the expected future cash flows
from these properties becomes
insufficient to recover their
carrying value, and we may
recognize additional impairments.

Results of Operations

Figure 3.1: Comparison of a sample of passages from consecutive annual reports from
the validation dataset of the Risk Prediction task that highlights the salient sentences
that were added that potentially indicate an increase in future company risk.

reports and introducing two novels tasks that exploit the cross-document interaction

between them to make long-horizon financial predictions. We experiment with a compre-

hensive set of end-to-end methods to model the interaction between these long financial

documents. We find that it is possible to predict stock risk and pairwise correlation solely

from text and that methods that allow for a more sensitive and fine-grained interaction

between them provide significant benefit. In addition, we find that these text-based

models provide considerable value beyond standard financial variables.

We provide a simple yet effective method that can compare arbitrarily long documents

at a fine-grained level and identify subtle similarities and differences between them. We

train this model end-to-end to allow the model to learn directly from the future financial
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outcomes associated with each pair of reports, so it can learn to identify subtle, task-

specific similarities and differences that are most predictive.

In summary, we make the following contributions:

1. We propose two novel and challenging financial prediction tasks, including forecasting

future long-horizon stock risk and pairwise correlation, that both require the ability to

recognize subtle similarities and differences between long financial documents (§3.3).

To the best of our knowledge, this is the first work to consider and effectively model

the cross-document interactions between paired reports for financial prediction in an

end-to-end manner.

2. We systematically investigate and experiment with a comprehensive set of methods

for these tasks, including tailored document-level and sentence-level Transformers that

achieve strong performance, establishing the state-of-the-art (§3.5).

3. We demonstrate that while the tasks are challenging and many simple methods per-

form poorly, it possible to predict company risk and correlation with performance

well-above random chance from solely the text of their financial reports by model-

ing the cross-document relationship at a fine-grained level with tailored pretraining

objectives (Table 3.2).

4. We probe the best performing model through quantitative and qualitative inter-

pretability methods to reveal insight into the underlying task signal (§3.7).

Broader Impact We hope this work will inspire future research in long document

similarity and cross-document modeling with two challenging tasks, particularly as the

context size for LLMs continues to grow.
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3.2 Related Work

In the broader NLP literature, there has been great interest recently in extending

the context length of Transformer-based language models to be able to efficiently process

long documents [14, 16, 54, 55, 82]. These methods attempt to approximate full self-

attention with more efficient computation and have been shown to excel at long document

understanding tasks.

In a related area, long document similarity involves identifying the relationship be-

tween two long documents. While semantic similarity has been of interest for a while,

most work has focused on short text at the sentence or paragraph-level [83]. However, se-

mantic similarity at the document-level is more challenging because long documents often

contain content spanning multiple topics and relationships between them may exist at

different levels. Despite the difficulty, the problem has varied applications, including cita-

tion recommendation, plagiarism detection, coreference resolution, and multi-document

summarization. In Zhou et al. [84], the authors propose a cross-document attention com-

ponent into HAN [56] to enable the comparison between documents at different levels.

Further, in Caciularu et al. [85], the authors consider a similar setting and propose a

novel pretraining approach for Cross-Document Language Modeling (CDLM) with a dy-

namic attention mechanism that allows the model to learn cross-document relationships.

They demonstrate that their model has a strong understanding of the relationship be-

tween documents and delivers SOTA performance on a variety of multi-document tasks.

Other methods have attempted to perform an alignment between related documents at

the sentence-level for retrieval applications, but typically pretrain encoders in a self-

supervised manner, without finetuning them end-to-end on the target task. [86–88].
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3.2.1 Financial Prediction

In addition to Cohen et al. [78] which inspired this work, there have been other

works that examine using single firm reports for financial forecasting tasks, but primarily

in isolation without any comparison to other related documents. For instance, Kogan

et al. [89] extract textual features from the most recent financial report to predict stock

volatility, while Koval et al. [36] directly learn to predict companies’ future earnings

surprise from the text of their conference call transcripts. Other work in this area has

combined textual reports with multimodal data, such as audio, tabular, and financial

features to enhance predictions [64, 90–92].

3.3 Problem Statement

We propose two novel tasks designed to evaluate the ability to recognize subtle sim-

ilarities and differences between long financial documents that are predictive of long-

horizon financial outcomes. It is important to note that since the reports occur at an

annual frequency, we choose target variables at the 1-year horizon, which produces a

lot of uncertainty between the forecast and outcome date, and makes these long-horizon

prediction tasks particularly challenging. We also believe that the long-horizon requires

the ability to capture more intricate, subtle signals than similar short-horizon tasks. In

addition, this choice is consistent with prior work [89–91] and the premise from Cohen

et al. [78] that the text-based signal contained in these reports is related to business risk

that potentially can take up to multiple quarters to materialize on company performance.
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3.3.1 Risk Prediction

Risk prediction is a valuable tool for investment managers when constructing a port-

folio of financial assets. While there are many measures of financial risk, Maximum

Drawdown (MDD) has become an important one, which measures the most significant

percentage decline in the value of an asset over a given period of time [93–96]. Therefore,

we choose this as a target variable and use consecutive financial reports as task inputs to

learn to identify subtle yet important signals of company risk. Given the Management

Discussion and Analysis (MDA) section of the current financial report Di,t for firm i at

year t, we wish to learn to compare and contrast it with the previous report Di,t−1 to

predict whether the company will experience an abnormal decline (MDD) over the next

year. While there may signal in only considering the current report, we believe it can be

considerably enhanced when contextualized with the previous report to better capture

the salient risks factors facing the company. Given daily price data Pi,t for company i at

time t, we compute the MDD over the next year T as the magnitude of the largest price

decline from peak to trough [97]:

MDDi,t = |mint1∈{t,T}
Pi,t1

maxt0∈{0,t1} Pi,t0
− 1|

For each year, we label companies with the 20% largest drawdowns during each year in

the sample as High Risk (y = 1) and those in the bottom 80% as Normal Risk (y = 0):

yi,t =


0, Percentile(MDDi,t) < 0.80

1, Percentile(MDDi,t) ≥ 0.80
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We carefully choose this task formulation and target variable for a few different reasons.

First, it is common for investment managers and the financial literature to segment port-

folios into quintiles, approximating a live trading setting in which investment managers

are faced with the decision to exclude certain high-risk stocks from their portfolio at each

decision point. Therefore, it has the potential to help them reduce portfolio risk. Second,

we carefully selected Maximum Drawdown (MDD) as our target variable because of its

ability to capture the effect of extreme events that occur anytime within the time hori-

zon, since it computes the bottom of market prices attained over the horizon, and use

the stock’s MDD relative to other stocks within the same time period to indicate High

Risk stocks to remove the impact of broad market movements and focus on stock-specific

events.

Since the dataset is imbalanced by design and High Risk is a clear positive minority

class, we use the F1-score as our primary measure of performance evaluation. We believe

it accurately reflects the trade-off for an investment manager who is faced with the

decision to include or exclude a stock in their portfolio because misclassifying a High

Risk stock as Normal Risk is more costly than misclassifying a Normal Risk stock as

High Risk.

3.3.2 Correlation Prediction

In addition to risk, the correlation matrix of stock returns is an equally important

measure for the risk management practices of investment managers [98, 99]. Therefore,

we also propose the task to predict the future correlation between companies’ stock

prices by learning to identify similarities and differences between their financial reports.

We introduce this task to evaluate the ability of the model to capture various forms of

relationships between companies.
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For computational purposes, we take a subset of the 100 largest companies in our

dataset and compute pairwise relationships to generate 4,950 company-company pairs

per year. Further, we remove company pairs in which both companies belong to the

same industry classification to challenge the model to identify more subtle connections

that extend beyond industry keywords, leaving us with 3,836 pairs per year. We measure

the relationship as the correlation between their daily stock returns over the next year

from their most recent reports. To do so, we compute daily stock returns ri,t from daily

prices Pi,t for company i at time t and the correlation between their stock returns over

the next year from t to T :

corr(ri,t, rj,t) =
∑T

t=1
(ri,t−r̄i)(rj,t−r̄j)√
(ri,t−r̄i)2(rj,t−r̄j)2

Then, we normalize them to be N(0, 1) within each year to account for the nonsta-

tionarity of market correlations over time:

yi,j,t =
corr(ri,t,rj,t)−µt

σt

We use the Spearman Rank Correlation between the model predictions and observed

correlations in each year to evaluate model performance. We use these metrics at the

year-level rather than aggregated Mean-Squared Error because the relative ranking of

the predictions within a given year is more important than their absolute levels given the

non-stationarity of market correlations.
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3.4 Data

3.4.1 Data Acquisition

To curate the dataset, we download preprocessed HTML files of company filings from

the Notre Dame Software Repository for Accounting and Finance [3].

We focus our analysis on Section 7A: Management Discussion and Analysis (MDA)

section from annual reports of US-based public companies. According to the SEC, this

section is intended to provide management’s perspective on the business results of the

past year and their future prospects for the upcoming year, including information about

key business risks. While there are other sections, we choose to focus on the MDA because

it reflects a direct communication from company management to shareholders. We use a

variety of regular expressions to extract the MDA section and filter the resulting section

text for quality in a refined iterative process. We source stock price data from FactSet

Prices & Returns API. Please see Appendix B for further details on the data curation

process.

3.4.2 Data Statistics and Task Formulation

To prevent any form of lookahead bias, we temporally partition the dataset according

to the report publication date into training (Jan 2010 – Dec 2014), validation (Jan 2015

– Dec 2015), and test (Jan 2016 – Dec 2019) splits. We do not use expanding sample

windows for training/validation due to lack of computational resources, but we would

expect doing so would improve results across model types and we validate this hypothesis

with the best performing model.

We present an overview of the dataset with summary statistics in Table 3.1, including

document length and linguistic complexity, measured with Gunning FOG Index [43]. We
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confirm that the MDA section of these reports is becoming longer and more complex

over time, likely making it increasingly difficult for investors to process the information

contained in them.

Train Validation Test

Start Date Jan-2010 Jan-2015 Jan-2016

End Date Dec-2014 Dec-2015 Dec-2019

# Samples 8,123 1,617 7,579

# Firms 2,574 1,572 2,170

# Words 13,092 13,455 14,354

# Sents 403 417 426

Linguistic Complexity 10.76 10.98 11.38

Table 3.1: Summary Statistics of each MDA section in the Financial Report on each
sample split.

3.5 Methods

We explore a comprehensive set of baselines on these novel tasks that range from

simple bag-of-words based methods to well-tailored state-of-the-art document-level and

sentence-level Transformer-based models, including both generic and domain-adapted

versions of each.

3.5.1 Simple Baselines

First, we establish a variety of simple baselines that indicate the difficulty of the task.

BOW + Sim + Linear is solely based on the similarity between the reports using TF-

IDF weighted, bag-of-words features while BoW + Linear concatenates their features

together and passes them to a linear classifier. We also include a pretrained financial
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sentiment classifier FinBERT-Sent + Linear [5] applied at the sentence-level [91]:

FinBERT-Sent = #PositiveSentences - #NegativeSentences
#TotalSentences

The results of this baseline clearly distinguish the Risk task from traditional sentiment

analysis.

Additionally, given that the positive auto-correlation of risk is well documented in the

financial literature [100], we provide a simple autoregressive time-series baseline AR(1)

+ Linear that fits a linear classifier on the 1-year trailing value. While the result-

ing performance is below that of the best text-based models, it is important to note

that the signal contained in the text is largely distinct from and complementary to it

(corr < 0.20). Finally, we also include a purely company financial-based linear classifier

FinVar + Linear with 10 common accounting and stock-price based financial variables

(e.g. valuation, profitability, volatility, price momentum, etc.) to serve as a traditional

financial baseline [91]. Please see Appendix B for more details on the variables used.

3.5.2 Document-Level Transformers

We consider two approaches to predicting the relationship between two long doc-

uments at the document-level, including the Bi-Encoder (BE) and the Cross-Encoder

(CE).

Document Encoder

First, we select our primary document encoder to be the Longformer-base because it

has been shown to excel at document matching [85]. The model applies a combination

of local and global attention to efficiently approximate the full attention matrix.

For the Risk Prediction task, we provide single document baselines that only make use
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of the current report Dt (Longformer-Curr) and previous report Dt−1 (Longformer-

Prev), respectively, as well as one that performs a soft ”diff” operation between them,

only extracting those not contained in the previous report (Longformer-Diff), to further

justify the use of more sophisticated cross-document methods. We find that several

variations of the ”diff”-based approach perform worse than just using the current report,

which we conjecture is for two reasons. First, the changes are subtle and difficult to

identify using manual heuristics. Second, the salient sentences require the surrounding

context to effectively contextualize the meaning.

Cross-Encoder (CE)

We also experiment with the Cross-Encoder approach (Longformer-CDLM-CE)

of concatenating the document text together and use the CDLM-pretrained Longformer

model from Caciularu et al. [85]. This approach implicitly interacts the tokens between

the documents via the local/global attention mechanism, but the granularity of the inter-

action may be limited because attention is limited to a local window and special global

tokens.

We follow the CDLM-framework and allocate global attention to the first [CLS] token

and special document separator tokens <doc-s> and </doc-s>. We extend the maximum

length of the model to 8192 tokens by copying over the position embeddings, and then

concatenating the first 4096 tokens of each document together.

CE(Di, Dj) = g([Di;Dj])

Bi-Encoder (BE), Document-Level

Second, we experiment with encoding each document independently and then passing

them through a 1-hidden layer MLP for interaction via concatenation of the document
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embeddings, known as a Bi-Encoder approach (Longformer-BE). Consider the docu-

ment encoder g and related documents Di and Dj that are encoded as g(Di) = Ei and

g(Dj) = Ej, respectively:

BE(Ei, Ej) = MLP([Ei;Ej; |Ei − Ej|)

This interaction function was inspired by Reimers and Gurevych [101] for sentence-level

semantic similarity and we continue to include the absolute value difference term to

impose the inductive bias that encourages the model to compare and contrast documents.

3.5.3 Sentence-Level Transformers

We also experiment with methods that operate on the sentence-level. Since the related

documents have a different number of sentences in varying order, we explore a simple yet

effective method to perform a soft-alignment between them.

Sentence Encoder

First, we divide each document into sentences and encode each sentence si ∈ Si and

sj ∈ Sj , using a pretrained sentence encoder f to get sentence embeddings ei ∈ Ej and

ej ∈ Ej, in each report, respectively. This model produces contextualized embeddings of

all tokens and we extract the last hidden state of the first [CLS] token as the sentence

representation [48].

Since the task requires the detection of subtle similarities and differences between

topically similar text, it is important to have a sentence encoder that is well-attuned

to semantic similarity and the financial domain. Therefore, we explore both pretrained

encoders, such as SBERT [101] and FinBERT [6], as well as the DiffCSE [102] frame-

work to pretrain a sentence encoder on our in-domain corpus. DiffCSE improves upon
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the SimCSE [103] framework, which uses stochastic dropout-based augmentations as

positive pairs and in-batch negatives with contrastive learning, by incorporating an addi-

tional Replaced Token Detection (RTD) loss that conditions upon the original sentence

representation to predict the location of randomly replaced tokens that were generated

by a fixed masked language model. This additional objective has been shown to make

the encoder more sensitive to small yet important differences in sentences.

Cross-Document Sentence Alignment (CDSA)

The IR literature suggests that methods with token-level interactions provide a more

fine-grained and powerful approach for query-document similarity tasks than those that

operate at the document-level [84, 104]. With this in mind, we explore a simple yet

effective extension of this approach to align and compare long financial reports at the

sentence-level, which we denote as Cross-Document Sentence Alignment (CDSA).

To do so, we employ a cross-attention mechanism between the sentence embeddings of

both documents to perform a soft-alignment, inspired by encoder-decoder attention [74,

105], which operates at a token-level. This mechanism creates a unique and corresponding

context vector for each sentence in the focal report by attention weighting all sentences

in the related report, and represents the portion of information of that sentence that

is contained in the other report. We apply this in both directions, for each sentence

embedding ei ∈ Ei across sentences embeddings Ej, and for each sentence ej ∈ Ej across

sentence embeddings Ei:

ci =
∑
ej∈Ej

αi,jej

cj =
∑
ei∈Ei

αj,iei

where the attention weight α is given by softmax, dot-product attention [74].
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To adapt the document-level Bi-Encoder approach BE to the sentence-level, we can

compare each sentence embedding ei, ej with the corresponding soft-aligned context vec-

tor ci, cj from CDSA using a similar interaction function:

BES(ei, ci) = MLP([ei; ci; |ei − ci|])

Then, we conduct simple mean pooling over all sentence-level MLP outputs:

m(Ei) =
1

|Ei|
∑
ei∈Ei

BES(ei, ci);

m(Ej) =
1

|Ej|
∑
ej∈Ej

BES(ej, cj)

Finally, we concatenate the pooled outputs from both reports m(Ei) and m(Ej) and pass

them through a classifier for prediction:

ŷ = σ([m(Ei);m(Ej)])

This mechanism allows for the detection of similarities and differences across each sen-

tence in both reports.

3.5.4 Domain Adaptive Pretraining (DAPT)

Domain adaptation is important to the success of using pretrained language models

for out-of-distribution text [69, 70]. Since we believe our tasks require a nuanced under-

standing of financial language, we conduct domain-adaptive pretraining (DAPT) for all

of the baseline models. To do so, we aggregate a collection of 30K paired annual reports

published between 2000 and 2009, prior to the start of the training data to prevent any

form of data leakage, and create an in-domain pretraining corpus for all forms of DAPT
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Risk Prediction Correlation Prediction
Model # Params F12016 F12017 F12018 F12019 Avg ρ2016 ρ2017 ρ2018 ρ2019 Avg

Minority Class All-1 0 0.33 0.33 0.33 0.33 0.33 - - - - -
BoW + Sim + Linear 2 0.36 0.35 0.35 0.34 0.35 0.10 0.16 0.07 0.06 0.10

BoW + Linear 100K 0.41 0.39 0.38 0.37 0.38 0.14 0.20 0.19 0.19 0.18
FinBERT-Sent + Linear 2 0.38 0.38 0.38 0.38 0.38 - - - - -

AR(1) + Linear 2 0.42 0.40 0.44 0.40 0.42 0.25 0.25 0.25 0.26 0.25
FinVar + Linear 11 0.45 0.43 0.48 0.45 0.45 - - - - -

Longformer-Prev 152M 0.42 0.43 0.40 0.35 0.40 - - - - -
Longformer-Curr 152M 0.48 0.47 0.47 0.45 0.47 - - - - -
Longformer-Diff 152M 0.44 0.43 0.43 0.39 0.43 - - - - -

Longformer-BE 152M 0.48 0.47 0.47 0.44 0.47 0.11 0.24 0.19 0.08 0.15
Longformer-CDLM-CE 152M 0.51 0.48 0.50 0.44 0.48 0.12 0.26 0.20 0.13 0.18

Longformer-BE + DAPT w/ MLM 152M 0.49 0.45 0.49 0.45 0.47 0.16 0.25 0.28 0.24 0.23
Longformer-BE + DAPT w/ DiffCSE 152M 0.52 0.48 0.49 0.46 0.49 0.26 0.34 0.29 0.24 0.28**

Longformer-CE + DAPT w/ CDLM 152M 0.53 0.49 0.50 0.46 0.50 0.22 0.30 0.31 0.24 0.27

CDSA-RoBERTa 128M 0.51 0.48 0.48 0.42 0.47 0.27 0.24 0.24 0.19 0.24
CDSA-SBERT 115M 0.54 0.52 0.51 0.44 0.50 0.28 0.31 0.27 0.18 0.26
CDSA-DiffCSE 128M 0.51 0.52 0.52 0.47 0.51 0.28 0.33 0.28 0.19 0.27

CDSA-FinBERT 128M 0.53 0.51 0.53 0.48 0.51* 0.30 0.32 0.25 0.17 0.26

CDSA-FinDiffCSE 128M 0.55 0.54 0.52 0.51 0.53* 0.30 0.33 0.32 0.27 0.31**

CDSA-FinDiffCSE + AR(1) 128M 0.58 0.56 0.57 0.53 0.56 0.37 0.45 0.46 0.33 0.40

CDSA-FinDiffCSE + Expanding 128M 0.55 0.55 0.59 0.57 0.56 0.30 0.40 0.36 0.31 0.34

Table 3.2: Main Results - Model performance on the test set of the Risk and Cor-
relation Prediction task. All performance numbers are reported in decimal and the
top 2 models within each task are bolded. ”-BE” indicates Bi-Encoder while ”-CE”
indicates Cross-Encoder document-level models as defined in §3.5. ”+ Expanding”
indicates that expanding training/validation sample windows was used. ”+ AR(1)”
indicates that a linear combination of the predictions was fit between the CDSA-Fin-
DiffCSE and AR(1) model. *, ** indicates the performance of the best model is sta-
tistically better (p < 0.01) than that of the second best model according the Wilcoxon
Signed-Rank Test.

in this work for fair comparison across model types.

Document-Level

For the document-level models with a Longformer backbone, we conduct DAPT

across the following different pretraining objectives: long context MLM [14] denoted

as Longformer-BE + DAPT w/ MLM, CDLM [85] with pairs of consecutive reports

(Longformer-CE + DAPT w/ CDLM); and follow the same pretraining settings

and hyperparameters as Beltagy et al. [14] and Caciularu et al. [85], respectively.

We also adapt the DiffCSE pretraining framework designed for short-context models,
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to the Longformer backbone model (Longformer-CE + DAPT w/ DiffCSE) for

more sensitive document representations by prepending and assigning global attention

to the original document embedding in the RTD objective to encourage the model to use

that information to predict the replaced tokens.

Sentence-Level

We also use this corpus for pretraining a more domain-adapted and sensitive sen-

tence encoder from the RoBERTa checkpoint using the DiffCSE framework (CDSA-

FinDiffCSE) but limit the size to 10M sentences for computational purposes, and use

the same pretraining settings and hyperparameters in Chuang et al. [102]. We expect

this pretraining step to be able to better differentiate topically similar yet semantically

different financial language.

Finally, since the validation data (2015) and last year of the test data (2019) are

4 years apart, we experiment with an expanding window training/validation approach

(CDSA-FinDiffCSE + Expanding) to allow the model to access more recent data

and simulate a production trading environment. However, we only do this for the best

performing model because it is not computationally feasible to do for all models. We

also include a simple multi-modal approach (CDSA-FinDiffCSE + AR(1)) that fits a

linear combination between the predictions of the CDSA-FinDiffCSE and AR(1) models.

Please see Appendix B for further details.

Implementation Details

Finally, we train all of these baseline models on each financial prediction task with

binary cross-entropy loss and mean-squared error for the Risk and Correlation prediction

tasks, respectively. For fair comparison across model types, we only consider the first
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4096 tokens in each report; see Appendix B for further implementation details.

3.6 Experimental Results and Analysis

The results in Table 3.2 highlight the challenging nature of both tasks, but we find

broad consistency in the relative performance results across them, with CDSA-

FinDiffCSE performing the best in both with statistical significance, and improving con-

siderably from expanding training data. This result provides evidence that while the tasks

are distinct, they both require the ability to recognize subtle similarities and differences

between long documents at a fine-grained level, and this ability is directly correlated with

the relative ranking of model performance.

In general, we find that the sentence-level methods generally perform better

than the document-level methods, which we conjecture is because by they allow for a

more fine-grained interaction between the document sentences before any document-level

pooling. We find this effect to be more pronounced on the Correlation Prediction task,

especially when the Longformer base model is not pretrained for semantic similarity. This

suggests that despite the extensive, language modeling-based pretraining process of the

Longformer model, it does not produce strong document embeddings without finetuning.

However, we find that our long context adaptation of the DiffCSE pretraining frame-

work for the Longformer is well-suited for generating fine-grained document embeddings,

suggesting that this is a promising direction for future work. Relatedly, we find that

pretrained models not adapted to the financial domain or pretrained with se-

mantic similarity objectives struggle to learn the subtle task signals. However,

we observe a significant improvement across most models after DAPT, suggesting that

the task requires a nuanced understanding of financial language. For both tasks, we find
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that a simple multi-modal model CDSA-FinDiffCSE + AR(1) improves performance,

particularly for the Correlation Prediction task which exhibits stronger autocorrelation.

We conjecture their complementary nature is partly due to the fact that historical market

patterns captures the persistence of past behavior while the text-based models identify

the catalyst that causes novel behavior, suggesting the text-based methods could serve

as a valuable tool to augment traditional risk management practices. However, we leave

it to future work to explore more sophisticated methods to incorporate tabular data into

text-based models.

3.7 Model Interpretability and Analysis

3.7.1 LM Sensitivity Analysis

To further understand model behavior on the Risk Prediction task, we perform a

simple interpretability test using the LM financial dictionary [3] and the predictions of

the best performing model (CDSA-FinDiffCSE). We provide an overview of the summary

statistics of the dictionary and results in Table 3.3. To do so, we extract the model

predicted probabilities, and regress them onto the changes in the proportion of LM

dictionary words between the current and previous report to understand their linear

relationship.

In Table 3.3, we observe that the model’s predictions for High Risk are negatively

associated with increases in positive financial sentiment, and positively associated with

increases in negative, constraining, and litigious financial sentiment. While some variables

are statistically significant and the results are economically intuitive, the linear model has

an adjusted R2 of just 3.4%, indicating that the trained model is capturing more powerful

features than only simple changes in LM sentiment. We also note the positive correlation
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Category
#

words
%

words
%

sentences
coeff

p-
value

∆ Positive 347 0.55 13.59 -4.06 0.04
∆ Negative 2345 1.32 24.92 4.12 0.04
∆ Uncertain 297 1.36 30.34 4.56 0.13
∆ Litigious 903 0.59 13.10 1.05 0.18
∆ Constraining 184 0.57 14.23 6.12 0.05
∆ Strong Modal 19 0.23 6.53 11.46 0.11
∆ Weak Modal 27 0.59 15.20 0.58 0.91

Table 3.3: Linear Regression of the model predictions onto the YoY changes in LM
financial sentiment variables.

with increases in strong modal words is consistent with Loughran and Mcdonald [46], who

find that firms with higher proportions of strong modal words in their quarterly reports

are more likely to subsequently report material weakness in their accounting controls,

which is likely a strong signal for increases in the likelihood of future High Risk behavior.

3.7.2 Case Study and Qualitative Analysis

We conduct a case study of the reports of Comstock Resources Inc, referenced (CRK)

in Figure 3.1. We find that the report scores highly as High Risk by the best performing

CDSA model and correctly identifies the salient risky sentences, as measured via the

largest L2 norms in the |si − ci| term, which we highlighted in the exhibit. As shown in

Figure 3.2, the company stock price experienced a precipitous drawdown in the 6 months

following the release of this report. We find that the model was able to detect subtle

yet important changes in the text that predicted a large drawdown months before it

occurred.

3.8 Conclusion

We curate a large-scale corpus of paired annual financial reports and introduce two

novel benchmarks that require modeling complex, cross-document interactions between
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Figure 3.2: Stock Price of CRK following the publication of the 2015 Annual Report
that was identified by the best performing model as High Risk based off changes from
the 2014 Annual Report.

long documents. We methodically investigate a comprehensive set of methods that are

well-attuned to the task, establishing the state of the art. Through analysis of the exper-

imental results and use of interpretability methods, we reveal insights into the underlying

task signals. We hope our contributions inspire further research in this important area.
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Multimodal Modeling of Paired Text

and Time Series
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Figure 4.1: Overview of our multimodal time series prediction task and proposed mul-
ti-stage, modality-adaptive encoder fusion method. The inputs consist of the follow-
ing time series: AR = autoregressive earnings surprise lags, FIN = tabular financial
variables, ECT = earnings call transcripts, QFR = quarterly financial reports, and
MAC = macroeconomic variables. These inputs are processed by the following model
components: TSM = time series encoder, MTFE = multi-stage textual feature ex-
traction, CMF = cross-modality fusion. The output is: ES = predicted Earnings
Surprise (§4.3.1).

4.1 Introduction

Investors are faced with the consumption of a myriad of diverse datasets relevant

to public companies, spanning modalities, genres, and sources. In general, this data

is released on a quarterly basis, and includes accounting statements, financial reports,

and earnings calls that comprehensively detail the current operations of the firm, re-

cent financial performance, and discuss future business prospects and risks. While the

accounting statements typically receive the most attention from investors, the textual

content provided in earnings conference calls and financial reports is of equal importance

as it reflects a direct communication between company executives and shareholders [41].

This textual content provides two important qualitative sources of information relative

to the financial metrics. First, it provides management context about how to interpret

the current and historical financial results. Second, it also allows management to express
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their views about the future prospects of the company, providing the opportunity to

capture the tone and sentiment from the most well-informed stakeholders. For instance,

during periods of macroeconomic shocks, such as COVID-19, financial variables tend to

capture backward-looking performance that may not apply in a new economic regime,

while the textual commentary continues to provide forward-looking content (§4.6.2).

However, most work in financial prediction focuses on the most recently reported

financial results and textual documents in isolation, without consideration of the temporal

context of their historical patterns. While the most recent data point may be the most

important, the historical context provides the ability to contextualize the current value

and measure trends over time that help better predict future performance, as evidenced

in both financial metrics and executive language patterns [78, 106, 107].

While financial analysts consume this data to make their quarterly earnings forecasts,

it is difficult to quantitatively reconcile this complex, diverse information across sources

and modalities to arrive at accurate estimates. While financial analyst estimates of com-

pany earnings are generally regarded as market expectations, they have been shown to

exhibit predictable biases that can be exploited by machine-based methods [108, 109].

For instance, financial analysts often do not fully incorporate the subtle signals in macroe-

conomic shocks [110] or long financial documents [36, 62] into their earnings estimates.

Therefore, we hypothesize that it is possible to use machine learning to effectively ana-

lyze this multimodal data and learn complex interactions between disparate sources of

information that can be used to forecast earnings surprises months in advance of the

report date.

In this work, we consider a multimodal time series forecasting problem in which we

investigate the value of financial text, time series, and their interaction in predicting

next quarter’s company performance relative to market expectations. In doing so, we

introduce a new multimodal time series dataset and challenging financial prediction task,
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and propose a novel method that learns rich temporal and cross-channel features from

the numerical and textual content of noisy financial time series. In summary, we make

the following contributions:

1. We design a novel multimodal time series prediction task that spans different tabular

and textual financial time series from diverse sources (§4.4, §4.3, Appendix C).

2. We propose a multi-stage training process to effectively extract predictive long con-

text embeddings from long financial documents and demonstrate that these text-based

features add significant value to traditional financial variables in forecasting future

company performance, particularly during periods of economic shocks, which we at-

tribute to their ability to capture forward-looking content and contextualize historical

behavior (§4.5.2, Table 4.2).

3. We systematically explore the value of each modality and temporal context across

financial time series and propose a simple yet effective method that allows modality-

specific temporal dynamics while still capturing complex cross-modal patterns that

outperforms existing methods on this challenging task (§4.5).

4. We probe our proposed method through quantitative and qualitative interpretability

methods to reveal insights into the value of each modality and our proposed multi-

modal method.

5. We demonstrate the economic value of our model predictions in a real-world trading

setting with portfolio simulations that result in economically and statistically signifi-

cant gains in investment performance (§4.6.6).

Broader Impact We hope this work will inspire future research in multimodal time

series modeling with textual and tabular data from different sources, particularly as the
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context length and multimodal capabilities of LLMs continues to grow, as our findings

suggest that small yet specialized finetuned models currently outperform LLMs on this

task.

4.2 Related Work

4.2.1 Text Embeddings

In the broader NLP literature, there has been great interest recently in extending

the context length of Transformer-based language models [14, 54, 55, 82, 111]. However,

most of these methods are not well suited for producing semantic document embeddings

that either perform well for zero-shot feature extraction or provide a strong parameter

initialization for downstream finetuning. While there are many pretrained models and

training methods proposed for semantic text embeddings, such as SBERT [101], SimCSE

[103], and DiffCSE [102], most of them have a short context length intended for sentence

or paragraph-level tasks. Recently, Wang et al. [112] demonstrate strong performance

with a contrastive method for finetuning long context LLMs across diverse tasks with

instructions. However, they mostly evaluate their model on short text tasks with the

exception of synthetic retrieval.

4.2.2 Financial Prediction

There has been an extensive set of company financial variables derived from their

accounting statements and stock market behavior that have been found to predict future

firm performance [31, 34, 113–115]. Further, it has also been found that the text of

company financial documents, such as earnings calls and financial reports, contains signal

that is predictive of future company performance [36, 42, 46, 78, 89], but most work has
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focused primarily on the most recent document in isolation without context of related

documents. However, Koval et al. [37] found benefit in aligning consecutive financial

reports to identify the most salient business risks. Other work has combined the textual

reports with multimodal data, such as audio, graphs, videos, and tabular features to

enhance predictions [63, 64, 90–92, 116–118]. Similarly, related work has found benefit in

modeling cross-channel information from related time series across different sources, such

as Google Trends & Weather, for predicting key financial indicators [119, 120]. However,

our focus in this work is on jointly modeling the time series of paired textual financial

documents and their corresponding tabular financial variables from the same firm; we do

not focus on the cross-firm relationships [117].

4.3 Problem Statement

4.3.1 Task Formulation

We propose a multimodal financial time series task in which we predict a company’s

next quarter’s earnings surprise (ES) from the time series of their financial, textual, and

macroeconomic data. We believe these modalities and sources capture the information

available to financial analysts when making their earnings forecasts, so our experiments

present a unique exercise between the forecasting ability of human experts and machines.

We select the Standardized Unexpected Earnings [68] as our measure of earnings surprise,

which represent the operating performance of a company relative to market expectations

and are highly followed by equity investors [44]. It is important to note that there is

roughly a 3-month time horizon between prediction date and the report date, making

57



Multimodal Modeling of Paired Text and Time Series Chapter 4

this long horizon prediction task particularly challenging.

ESt = RepEPSt−Avg(EstEPSt)
Std(EstEPSt)

Since the measure is a continuous variable with approximate normal distribution, we use

Mean Squared Error (MSE) as the loss function and to evaluate performance.

Multimodal Inputs We use data from a variety of modalities and sources, described

in detail below, to understand the current state of a company from different perspectives.

For all variables, we use quarterly data aligned with each company’s reporting period

and the values of the previous 8 quarters as the input time series. In this work, we refer

to data source and modality interchangeably.

4.3.2 Autoregressive Variables (AR)

The persistence of earnings surprises is well documented in the financial literature

[73, 121] with streaks found to persist up to 12 quarters, so we use the historical values

of the target variable AR as an input.

ARt = [ARt−8, ...,ARt−1] ∈ R1×8

4.3.3 Financial Variables (FIN)

Additionally, we include the time series of 15 well-documented firm-level financial

characteristics FIN from the asset pricing literature [78, 91, 122, 123] derived from a

company’s accounting statements and stock price behavior, detailed in Appendix C,

including valuation, profitability, growth, volatility, and momentum. We compute these

variables on a quarterly basis and normalize them to have zero mean and unit variance.
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While this set is not exhaustive, recent work [123] has showed that it largely spans the

principal components of the full set of firm-level financial characteristics.

FINt = [FINt−8, ...,FINt−1] ∈ R15×8

4.3.4 Earnings Conference Calls (ECT)

We include the text of quarterly earnings conference calls in which company executives

discuss the recent performance of the firm, their prospects, and answer questions from

financial analysts covering their firms. These calls provide a rare opportunity to detect

diverse signals, which can vary from clear sentiment to more subtle signs of deception

[42] or obfuscation [43], that may reveal important information about the current and

future prospects of the company.

ECTt = [ECTt−8, ...,ECTt−1]

4.3.5 Quarterly Financial Reports (QFR)

We include the text of the Management Discussion and Analysis (MDA) section from

the quarterly reports (10Q/10K) of US-based public companies. This section is intended

to provide management’s perspective on the business results of the past year and their

future prospects for the upcoming year, including information about key business risks.

1 While there are other sections, we choose to focus on the MDA because it reflects a

direct communication from company management to its shareholders.

QFRt = [QFRt−8, ...,QFRt−1]

1https://www.sec.gov/files/reada10k.pdf
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4.3.6 Macroeconomic State (MAC)

Finally, we include the time series of macroeconomic data (MAC) that represents the

broader state of the US economy at each point in time to capture exogenous demand and

supply-side shocks with varying impact per industry. These monthly indices include the

following variables: Industrial Production, Inflation, Consumer Sentiment, 3M Treasury

Yield, 10YR Treasury Yield, Term Spread, Default Spread, and Oil Prices. Following

Ball and Ghysels [110], we compute quarterly growth rates for each variable to arrive at

our macroeconomic time series of 8 channels.

MACt = [MACt−8, ...,MACt−1] ∈ R6×8

We merge this time series to align with each company’s prior fiscal quarter end date.

4.4 Data

Train Validation Test

Start Date Jan-2010 Jan-2016 Jan-2017

End Date Dec-2015 Dec-2016 Dec-2020

# Samples 7,188 1,362 5,723

# Firms 710 638 708

# Modalities 4 4 4

# Time Steps 8 8 8

Table 4.1: Summary Statistics on each sample split.

Data Acquisition and Curation We source Reported Earnings per Share (EPS)

and Analyst Consensus Estimates of EPS from FactSet Fundamentals and Consensus

Estimates, respectively, to compute the Earnings Surprise target variable. We collect
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English conference calls from FactSet Document Distributor. We source quarterly and

annual reports from Notre Dame Software Repository for Accounting and Finance. We

collect the monthly macroeconomic indices from the ST. Louis FED. Please see §C.2 for

further details on the extensive data curation process.

Data Statistics and Task Formulation We focus our analysis on the largest publicly

trade companies in the US (MSCI USA Index) and require that each sample point possess

valid data for each input variable across historical time steps. Then, we temporally

partition the data into train (2010-2015), validation (2016), and test (2017-2020) sets.

We provide summary statistics in Table 4.1.

4.5 Methods

We systematically explore a comprehensive set of unimodal baselines and propose a

novel multimodal method that significantly outperforms the best unimodal models.

4.5.1 Multivariate Time Series

Since each of our modalities constitutes a multivariate time series with complex cross-

channel interactions, we consider Time Series Mixer [124] as our backbone time series

encoder because of its strong performance on multichannel time series forecasting. TSM

is a simple yet effective all-MLP neural architecture that performs alternating forms of

feature mixing across the time (TM) and channel dimension (CM) in each layer of the

network. We denote the time series model as TSM, with input X ∈ RT×C , T time steps,

C channels, and returns features H ∈ RT×C after interaction across the temporal and

channel dimensions, expressed below:
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TMl(X) = BN(X + σ(WTMX∗,t + bTM))

CMl(X) = BN(X + σ(WCMXc,∗ + bCM))

TSMl(X) = CMl(TMl(X))

We perform ablations of this choice in §4.6.5. In each modality time series, we use

the last T = 8 quarters of values as inputs. We conduct a grid search over the model

architecture hyperparameters detailed in §C.6.

4.5.2 Multi-Stage Textual Feature Extraction (MTFE)

Since ECTs and QFRs are long textual documents (5K+ tokens each) and thus cannot

be concatenated over the time series (50K+ tokens) and trained end-to-end with limited

computational resources, we propose a novel multi-stage training method to extract pre-

dictive features from them. It is important to note that most of the text embedding

literature [125] has focused on short-context texts at the sentence or paragraph-level,

such as consumer reviews, which contains distinct characteristics from our problem set-

ting.

We initialize our text encoder with the pretrained BigBird [55] checkpoint due to its

long context length and strong performance in long document understanding tasks. This

process consists of the following steps.

Multitask Domain Adaptation: Domain adaptation is important to the success of

using pretrained language models for domain-specific text [69, 70]. Since we believe our

tasks require a specialized understanding of financial language, we conduct multi-task

domain-adaptive pretraining (MT-DA).

To do so, we adapt the BigBird-base model [55] to the financial domain by jointly

performing long context masked language modeling (LC-MLM) and long-context Dif-
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fCSE (LC-DiffCSE), in which we adapt the contrastive pretraining framework DiffCSE

[102] designed for short-context models to long-context BigBird. We do this by prepend-

ing and assigning global attention to the original document embedding in the replaced

token detection objective to encourage the model to use that information to predict the

replaced tokens, resulting in more fine-grained document representations. We conduct

this pretraining of over a pooled corpus of in-domain ECTs and QFRs that occur during

the training date period for a total of 25K training steps.

This multi-task pretraining process serves several purposes. Firstly, LC-MLM adapts

the model to the complex language of the financial domain. Secondly, LC-DiffCSE

learns to produce aggregated document representations that are sensitive to topically

similar but semantically different financial text. We believe both of these steps are criti-

cal towards capturing strong document representations and we demonstrate their value

in Table 4.3.

Supervised Finetuning (SFT): We finetune the adapted model on the text of the

last time step ECT and QFR (single document) and the corresponding earnings surprise

measure to learn task-specific features.

Ŷt = ENCECT(ECTt),ENCQFR(QFRt)

Feature Extraction: We extract features from the last layer embeddings E of the [CLS]

token from the finetuned encoder ENC for each document.

EECT = ENCECT(ECT);EQFR = ENCQFR(QFR)

These features contain richer information than solely the output predictions, allowing

the time series model to capture multifaceted trends in executive language patterns over
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time. We compare our approach with existing pretrained embedding models in §4.6.3.

4.5.3 Multimodal Fusion Methods

We explore three multimodal fusion methods to mix the time series across modalities

with varying channel dimensionality, using TSM as the time series encoder.

There are two paradigms of approaches in multivariate time series forecasting and

we explore them both here as baselines. Firstly, Channel-Mixing [124], in which all uni-

variate channels are concatenated together and treated as a single multi-channel signal,

assumes that there exists cross-channel information. In this case, since each input modal-

ity contains a different number of dimensions, we project them all into the same vector

dimension and space before concatenating. We label this approach cross-modality mixer

CMM.

Alternatively, Channel-Independence assumes that the relationship between each uni-

variate time series is independent and should be processed separately but with shared

model weights across channels [126]. This approach has found success particularly when

the cross-channel signal is weak, and thus cross-channel interaction leads to overfitting.

We apply this approach with the original model (PatchTST) and an architecture-

controlled version (TSMixer), labeled modality independent, channel independent (MICI).

However, we believe that these two baseline approaches are not well suited to this

multimodal problem for two reasons. Firstly, we hypothesize that each modality contains

rich cross-channel patterns that Channel-Independence cannot capture. Secondly, we

believe that differences in the temporal dynamics of each modality could lead to statistical

noise and incompatibilities if relying on a single model, and that mixing modalities too

early in the feature learning process is likely to lead to overfitting.

Therefore, we propose an different approach that imposes this inductive bias and
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treats each modality (AR+FIN, ECT, QFR, MAC) as a separate multi-channel time

series. In our modality-independent, channel mixing method (MICM), we first process

each modality multi-channel time series independently using modality-adaptive time se-

ries models and then linearly project them into the same space and dimension.

XAR+FIN = WAR+FINTSMAR+FIN([AR; FIN])

XECT = WECTTSMECT(EECT)

XQFR = WQFRTSMQFR(EQFR)

XMAC = WMACTSMMAC(MAC)

This approach allows the the modality-specific models to learn cross-time and cross-

channel patterns that are adaptive to each modality and produce features that can be

fused across modalities at a later stage. We concatenate the resulting mixed features to-

gether and introduce a cross-modality fusion (CMF) module to interact cross-modality

channels based upon temporal similarity. This module consists of a cross-channel mul-

tihead attention mechanism (MHA) and layer normalization (LN) with residual connec-

tions.

XMM = [XAR+FIN;XECT;XQFR;XMAC]

XO = LN(XMM + MHAc,:(XMM , XMM , XMM))

Again, this design imposes the inductive bias that while cross-modality channel pat-

terns exist, they should be carefully interacted late in the network base upon temporal

similarity in a learned projection space. We flatten the output and include a 2-layer MLP

head for prediction:

Ŷt = MLP(Flatten(XO))
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Input Modality Time Steps MSE2017 MSE2018 MSE2019 MSE2020 MSE

AR TABULAR 1 1.33 1.52 1.60 2.50 1.77
AR TABULAR 8 1.30 1.50 1.58 2.45 1.71

FIN TABULAR 1 1.33 1.51 1.60 2.47 1.77
FIN TABULAR 8 1.29 1.48 1.56 2.44 1.72

ECT TEXT 1 1.19 1.46 1.47 2.35 1.62
ECT TEXT 8 1.18 1.46 1.47 2.29 1.60

QFR TEXT 1 1.27 1.46 1.64 2.29 1.68
QFR TEXT 8 1.27 1.44 1.52 2.18 1.62

AR + FIN TABULAR 8 1.22 1.38 1.42 2.29 1.60
AR + FIN + ECT* MULTIMODAL 8 1.17 1.34 1.35 2.04 1.48*

AR + FIN + ECT + QFR** MULTIMODAL 8 1.14 1.30 1.31 1.96 1.44**
AR + FIN + ECT + QFR + MAC MULTIMODAL 8 1.13 1.28 1.30 1.92 1.42

Table 4.2: Main Results (smaller is better, best in bold): Model performance on
the test set of our multimodal Earnings Surprise Prediction task. All results use
our proposed multimodal method, including modality-specific TSMixer encoders,
MTFE to extract textual features, and cross-modality fusionCMF to mix modalities.
”Time Steps” indicate how many quarters of data are used in the time series model.
AR = autoregressive earnings surprise lags, FIN = tabular financial variables, ECT
= text features from earnings call transcripts, QFR = text features from quarterly
financial reports, and MAC = Macroeconomic indicator variables. *, ** indicates the
performance of the specified model is statistically better (p < 0.05) than that of the
next best performing model on the test set according to the Wilcoxon Signed-Rank
Test.

We conduct a grid search over the TSM model architecture over each modality in isolation

(unimodal), detailed in Appendix C, allowing each modality-specific time series model to

have a different representational capacity to adapt to varying complexities of temporal

and cross-channel patterns.

4.6 Experimental Results and Analysis

4.6.1 Value of Multiple Modalities

The results in Table 4.2 highlight the challenging nature of the task, but we find

broad consistency in the relative performance of each method across modal-

ities and time periods.

We find that all input features benefit from including the time series context
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in addition to the most recent time step albeit modestly. While the benefit is

modest in magnitude, we note the consistency in positive improvements across modalities

and time periods. We find that the QFRs tend to benefit the most from this temporal

context. This is result is consistent with recent work [78] because there is considerable

boilerplate content in financial reports that does not vary much year to year, making

it difficult to identify new information, and therefore requiring the historical context to

identify and contextualize the differences over time.

We also find that both sources of textual data provide considerable value be-

yond the financial time series variables. However, we find that the marginal benefit

of ECTs is greater than that of the QFRs. We suspect this is because the ECTs contain

richer information in the form of both less scripted language by the company execu-

tives and the inclusion of analyst question-answer exchanges that provide an additional

perspective of analyst context.

We conjecture that the complementary nature of the textual and tabular data is partly

due to the fact that tabular data captures the past performance while the text-based

models contextualize the persistence of that performance with qualitative information

and augment it with forward-looking content, which we investigate further in the next

section.

4.6.2 Case Study and Qualitative Analysis

To further understand the value of the textual modalities, we analyze model behavior

during the 2020 time period, which was characterized by a significant economic shock

caused by the COVID-19 pandemic. While we observe larger errors during the period, we

also observe the largest improvement from the incorporation of text-based time series.

We believe the value of Text to be most significant in the 2020 (COVID-19) regime
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shift likely because the executive commentary contained in the text contains forward-

looking content about the future prospects of the company in a new economic regime

while AR+FIN largely captures historical behavior under an old economic regime. For

example, it is well known that Internet Technology companies performed well during

this period as people were confined to their homes and more active on the internet, while

Hotels & Restaurants struggled. This regime shift would not be captured in the historical

time series of company financial performance but would be reflected in the executive

discussions contained in their forward-looking disclosures. We confirm this by comparing

the differences between model predictions for Q2-2020. We find that the models with

text-based inputs (AR+FIN+ECT+QFR) have 0.47 higher average prediction values

for companies in the Internet Technology industry than those that only rely on financial

variables (AR+FIN). Conversely, we find that the models with text-based inputs have

0.38 lower average prediction values for companies in the Hotels & Restaurants industry

than those that only rely on financial variables.

4.6.3 Text Encoding Methods

In Table 4.3, we compare our MTFE approach with strong pretrained baselines to

demonstrate the value of our approach. Firstly, we compare with Mistral-Embedding,

which is a state-of-the-art finetuned embedding checkpoint [112] of the Mistral-7B model

[111], a decoder-only language model that supports long contexts. The model has been

finetuned with contrastive learning on a collection of document pairs across diverse tasks.

We also include a version E5-LongEmbed of the weakly supervised embedding model

E5 [127] that was optimized for long context lengths [128]. Secondly, we also compare

with short-context models, including SBERT [101], which was contrastively pretrained

on a massive corpus of 1B weakly supervised text pairs, as well as with domain-specific
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language model FinBERT [6]. We apply the short context models at the sentence

level and average the resulting embeddings over all sentences in each document. Finally,

we include a pretrained financial sentiment classifier FinBERT-Sent [5] applied at the

sentence-level [91], detailed in Appendix C.

We find that BigBird with MTFE provides considerable improvement over these

SOTA pretrained models, suggesting that the task requires a specialized understanding

of financial language, task-specific predictive features, and document-level context. This

improvement over Mistral-Embedding suggests that smaller encoder-only models with

specialized training can outperform much larger, general-purpose decoder-only LLMs on

domain-specific tasks, consistent with the recent findings of Shah and Chava [129]. We

conjecture that the benefits of MTFE arises from a combination of specialized domain

and task adaptation to capture subtle signals, and a bidirectional encoding that provides

better relative importance estimation within a long context [20].

Text Encoder Params ECT QFR

MTFE 150M 1.60* 1.62*
w/o LC-DiffCSE 150M 1.64 1.65

w/o LC-MLM 150M 1.66 1.68
w/o SFT 150M 1.75 1.77

FinBERT-Sent 130M 1.91 1.94
SBERT 120M 1.72 1.75

FinBERT 130M 1.75 1.77
Mistral-Embedding 7B 1.70 1.72

E5-LongEmbed 110M 1.70 1.73

Table 4.3: Results indicate MSE on the test set using different textual encoding
methods for feature extraction from the specified financial documents and demonstrate
the value of each step of our MTFE process. * indicates the performance of the
specified model is statistically better (p < 0.05) than that of the next best performing
model on the test set according to the Wilcoxon Signed-Rank Test.
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4.6.4 Multimodal Fusion Methods

In Table 4.4, we our compare modality-independent, channel mixing with late stage

cross-modality fusion method MICM with the cross-modality channel concatenation

CMM (typically used in multivariate time series forecasting), and channel indepen-

dence across modalities MICI. While all multimodal methods outperform the unimodal

baselines, we find that our proposed method MICM performs significantly better than

CMM and MICI. We believe this result is due to: (1) differential temporal patterns

across modalities and the resulting incongruence that results from treating

them equally (CMM); (2) the rich cross-channel interactions that exists within

each modality time series that independence ignores (MICI).

4.6.5 Time Series Encoder

In Table 4.4, we ablate our choice of TSMixer as our time series encoder with

generic neural models (MLP, Transformer) and channel-independent, time series model

PatchTST to further justify our use of a specialized temporal model with cross-channel

interaction in the proposed method. We find that TSMixer demonstrates strong perfor-

mance on this task due to its ability to both capture intra-channel temporal patterns as

well as cross-channel interactions.

4.6.6 Portfolio Simulations

In Table 4.5, we demonstrate the economic value of our model predictions using port-

folio simulations. We form monthly long-short (market-neutral) quintile portfolios [34]

by sorting stocks based on (test set) model predictions, detailed in §C.1. We follow Cong

et al. [130] in reporting net portfolio performance that includes conservative estimates of

the impact of transaction costs on portfolio implementation. The resulting performance
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Method MSE

TSMixer-MICM 1.42*
TSMixer-CMM 1.49
TSMixer-MICI 1.47

MLP 1.57
Transformer 1.50
PatchTST 1.48

Table 4.4: Comparison of the performance of using different time series encoders
and modality fusion methods. * indicates the performance of the specified model is
statistically better (p < 0.05) than that of the next best performing model according
to the Wilcoxon Signed-Rank Test.

of our proposed method generates strong investment performance that is that is economi-

cally and statistically better than the tabular financial time series baseline. These results

demonstrate that the model predictions contain significant signal that is not priced into

the market with substantial value in a real-world trading setting.

Statistic AR +FIN+MAC +ECT+QFR

Net Return 4.51 7.08 9.74
Volatility 9.64 9.68 9.47

Net Sharpe Ratio 0.47 0.73 1.03

Table 4.5: Annualized portfolio statistics of simulated investment performance, ex-
pressed in percentage units. ”Net” performance includes an estimate of the impact of
transaction costs, detailed in §C.1.

4.7 Conclusion

In conclusion, we introduce a new multimodal financial time series prediction task.

We propose a novel textual feature extraction process and multimodal fusion method

that demonstrates state-of-the-art performance on this challenging task. Our extensive

experimental results and interpretability analysis reveal insights into the value of each

modality and our proposed method. Notably, we find that the greatest gains in perfor-
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mance are achieved when jointly considering both the temporal and cross-modal context

that are not possible with either context alone.
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Figure 5.1: Overview of our contextualized news forecasting task and proposed Prefix
Summary Context (PSC), which efficiently and effectively summarizes historical con-
text with the Historical Context Summarizer (HCS) and aligns it in the latent space
of a large LM with Cross-Model Alignment (CMA) and Context-Aware Language
Modeling (CALM). The resulting PSC embeddings are prepended to the main article
tokens, allowing the LLM to contextualize the main article with historical background.

5.1 Introduction

Financial news plays a critical role in the information diffusion process in financial

markets and is a well-known driver of stock prices. These news articles cover a variety

of events about companies, including their earnings reports, product launches, legal in-

vestigations, and changes in corporate structure. These events can have a substantial

impact on company business operations and stock prices. However, it is difficult for in-

vestors to be able to identify which articles will materially impact markets because it not

only requires being able to understand the sentiment of the articles, but also the more

challenging task of recognizing the novelty of the information reported and gathering

sufficient historical background to interpret this information in the appropriate context.

We hypothesize that the most rigorous test of understanding financial news is being able
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to predict the market reaction. A complete understanding requires both a local under-

standing of the information contained in the article but also the broader context in which

that news occurs, including prior coverage of related events, as news events often develop

over long periods of time.

However, it is not clear a priori the best way to retrieve the most relevant context for

a given news article and how to optimally incorporate that context into the processing

of that article. While the context length of language models has increased significantly,

simply concatenating all of the articles together is not necessarily the most efficient or

effective method. Firstly, the near-quadratic time and space complexity of the computa-

tion makes long contexts computationally challenging. Secondly, language models have

struggled to effectively understand long documents, particularly if irrelevant context is

included in their context windows, as they have been shown to exhibit positional biases

and ignore content lost in the middle [20, 131, 132].

In this work, we investigate how to efficiently and effectively incorporate historical

context into language models to better interpret financial news, and demonstrate that

gains from our approach lead to significant improvements in financial forecasting and

trading performance. In summary, we make the following key contributions:

1. We systematically evaluate how historical context improves language model under-

standing of financial news, demonstrating consistent gains across contextualization

methods and time horizons (Table 5.2, Table 5.3).

2. We propose an efficient and effective contextualization method that demonstrates

state-of-the-art performance on this challenging task compared to a comprehensive

set of baselines (§5.4, Table 5.2).

3. We introduce a hybrid retrieval method that captures both the relevance and timeli-

ness of historical context, enhancing the effectiveness of contextualization (§5.6, Ta-
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ble 5.4).

4. We probe the model through multiple interpretability methods to reveal insights into

the value of historical context and its significant impact on investment applications

(§5.7).

Broader Impact We hope this work will inspire future research in modeling the tem-

poral sequence of textual documents and using small LMs to efficiently provide large

LMs with more context, particularly as the context length and in-context learning capa-

bilities of LLMs continues to grow, as our findings suggest that retrieval-augmented long

contexts underperform forms of context compression and summarization.

5.2 Related Work

5.2.1 Long Context Modeling

With the advances in retrieval augmented generation and in-context learning [133,

134], there is great interest in extending the context lengths of language models [14, 54,

55, 82, 111]. However, given the computational complexity of long contexts, recent work

has focused on compressing them into more efficient representations [135–137] that can

be leveraged by language models. These methods reduce the time complexity of self-

attention at inference time, but often require expensive pretraining procedures to train

the base model as a summary compressor. Other approaches use small or frozen LMs

to more efficiently encode the context [138–140], but lack any form of length compres-

sion, and tend to rely on multiple stages of pretraining to learn separate cross-attention

weights.
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5.2.2 Financial Prediction

The impact of financial news on stock prices has been extensively studied in the

academic literature. Tetlock [2, 141], Fedyk and Hodson [142], Brière et al. [143] find that

investors respond to news sentiment in the short-term but the magnitude and duration

of the reaction depends upon the novelty of the news content. Chen et al. [144], Xie et al.

[145], Lopez-Lira and Tang [146] study the ability of language models to predict stock

prices from financial news, finding that performance generally improves with model size.

Ang and Lim [117], Hu et al. [147], Xu and Cohen [148], Sawhney et al. [149, 150], Agarwal

et al. [151] propose methods to use multimodal streaming news and social media data to

make high-frequency predictions of stock prices.

5.3 Problem Statement

Task Formulation Following Chen et al. [144], Xu and Cohen [148], we adopt the task

of predicting the direction of the stock price Pt change over the course of short-term and

long-term horizons (days) h ∈ {7D, 30D} following the publication of the news article at

at time t.

Yt = Sign(Pt+h − Pt)

We refer to at as the main article and primary input, which we wish to contextualize. To

enhance the understanding of the main article, we include N relevant historical articles

about the same company for context:

ct = {at−N , ..., at−1}
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For computational efficiency, we select the N = 5 most recent articles about the same

company as the historical context in our main experiments (Table 5.2), but investigate

different methods to select the most relevant historical context in §5.6 and increase the

number of historical contexts in Table 5.3.

We evaluate the performance on this binary classification task with AUC because the

continuous scores are more informative than their discrete predicted classes for investment

management applications.

Data Acquisition and Curation We collect stock-specific financial news articles in

English from FactSet StreetAccount for US-based publicly-traded companies. These

articles cover a variety of events and news sources. We follow the filtering criterion in

Chen et al. [144] for data quality, detailed in §D.3. Our sample contains more than 3,000

public companies in the US, encompassing a diverse range of firm sizes and industries.

Data Statistics and Task Formulation We temporally partition the data into train-

ing (2010-2014), validation (2015-2016), and test (2017-2023) sets. We provide summary

statistics in Table 5.1.

Train Validation Test

Start Date Jan-2010 Jan-2015 Jan-2017

End Date Dec-2014 Dec-2016 Dec-2023

# Samples 129,146 46,931 149,409

# Companies 2,997 2,944 3,618

TE1 15 14 12

TE5 115 112 110

Table 5.1: Summary Statistics of the characteristics of news articles based on the
average values in each sample split. TEi indicates the average time elapsed in number
of days between the publication dates of the main article and the ith most recent
historical context article.
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5.4 Proposed Method

Prefix Summary Context (PSC) We propose an efficient and effective method to

incorporate historical context into a language model’s understanding of the main article

at, which we denote as Prefix Summary Context (PSC). Our method adapts a small

language model encoder, the Historical Context Summarizer (HCS), to encode and sum-

marize the historical context articles ct. The main article at is processed with a large

language model (LLM), and the summarized historical context is incorporated via learned

prefix embeddings prepended to the input embeddings of the main article.

More specifically, we adapt a small language model encoder to serve as a historical

context summarizer (HCS). We train HCS to learn M summary embeddings per histor-

ical news article of length L by inserting learnable summary tokens after every L//M

tokens, intended to aggregate information in multiple dimensions:

at−i = [ s1, x1, . . . , xk, s2, . . . , xL, sM ]

where s1, . . . , sM are learnable summary tokens interleaved within the input token se-

quence x1, . . . , xL of historical context at−i at regular intervals. We extract the contex-

tualized hidden states of these summary tokens as dense summary embeddings SE of the

input:

SE(at−i) = [HCS(s1), ..,HCS(sM)] ∈ RM×dCE

We expect these summary embeddings to provide multiple perspectives of the same article

[152] that can be selectively attended to depending upon the content of the main article.

Dense embeddings have been found to convey almost as much information as the original

text itself [153], so we expect that learning them end-to-end to provide compact yet

expressive representations of the original text.
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To help the model distinguish the temporal relevance of each context article, we add

time-based embeddings TE, based on the distance between article publication dates.

We concatenate the time-enhanced summary embeddings together to form the Summary

Context (SC) of PL = N ×M summary embeddings.

SCt = [SE(at−N) + TE(at−N), . . . ] ∈ RPL×dCE

Prior to concatenation, we set the position index of all the prefix summary embeddings

to be 0 and then the first token index of the main article to be 1. This is because

most large LMs use rotary position embeddings [154] in the self-attention computation,

and the prefix summary embeddings, containing summarized embeddings from multiple

articles, should not be treated equivalently to main article tokens. We allow the time-

based embeddings to distinguish the timeliness of articles from each other. This design

choice allows context length extrapolation in which more historical context articles can

be provided at inference time than during training [155, 156].

Cross-Model Alignment We introduce a Cross-Model Alignment (CMA) module to

learn to align the summary context (SC) representations from the historical context

summarizer into the token embedding space of the large LM using multiheaded attention

(MHA).

Let Evocab ∈ R|V |×dLLM be the token embedding matrix of the large LM, where |V |

is the vocabulary size and dLLM is the embedding dimension. We compute the Prefix

Summary Context (PSC) using multihead attention with query Q = SC ·WQ, and keys

and values K = V = Evocab, where WQ ∈ RdCE×dLLM projects the context summarizer’s
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summary embeddings to the dimensionality of the LM’s token embeddings:

PSC = MHA(Q,K, V ) ∈ RPL×dLLM

This cross-attention mechanism allows each summary embedding in SC to attend over

the entire vocabulary of the large LM, producing aligned representations that lie in the

span of the large model’s token embeddings. This step can be viewed as an alignment

between the semantic spaces of the two language models, a concept inspired by alignment

methods in other domains, such as vision [157, 158] and time series [159–162]. This design

ensures that the Summary Context is compatible in the input embedding space of the

large LM, and in doing so, imposes the inductive bias that PSC can be explained by a

learned weighted combination of the token embeddings of the large LM.

We prepend PSC to the token embeddings of the most recent article, which are passed

to the large LM’s transformer layers for contextualization:

CEt = LLM([PSCt; Evocab[at]])

where Evocab[at] represents the token embeddings for the main article at.

Overall, our design provides two key advantages:

1. It exploits the power of a large LM on the main article, which is most important

to the prediction.

2. It enables efficient incorporation of more historical articles as context with a small

LM that summarizes the key information.

Further, we note that our method introduces a minimal number of trainable parame-

ters and allows the historical context to interact with each other through the LLM’s
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transformer layers, contrary to interleaved cross-attention layers [138, 139, 163] which in-

troduces significantly more parameters. We conduct ablations of our architecture design

in §D.6, which demonstrate their value.

Context-Aligned Language Modeling (CALM) To enable the historical context

summarizer to distill and encode relevant information that enhances the LLM’s compre-

hension of the main article, we pretrain the context summarizer (HCS) and alignment

module (AM) with context-aligned language modeling (CALM), a pretraining objective

inspired by retrieval-augmented language modeling [133]. In this step, we learn to use

PSC to predict the tokens in the main article. Given the encoded historical context PSCt,

main article at, and token index i, the loss function is:

LCALM = −
∑
i

log p(ai,t|PSCt; a1,t, ..., ai−1,t)

This objective encourages the context summarizer and alignment module to learn to

encode contextual information that is predictive of future news text, thereby improving

the LLM’s ability to interpret the market impact of the main article.

Implementation Details

We initialize Mistral-7B [111] as the large LM and DeBERTa-base [164] as the histor-

ical context summarizer. During pretraining, we freeze the large LM and update only the

context summarizer and alignment module. During supervised finetuning, we use LoRA

[165] to finetune the large LM, while fully training all newly introduced parameters.

Please see §D.12 for more details.
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Model Class Method # Params # Contexts 7D 30D

Zero-Shot LLMs

LMD-Sent [3] 0 0 50.71 51.32
FinBERT-Sent [5] 110M 0 51.19 51.38
FinMA-7B, Prompting [145] 7B 0 51.37 51.64
FinMA-7B, Prompting [145] 7B 5 51.49 52.18
Llama3-8B, Prompting [146] 8B 0 51.22 51.47
Llama3-8B, Prompting [146] 8B 5 51.68 51.94
Llama3-70B, Prompting [146] 70B 0 52.76 53.35
Llama3-70B, Prompting [146] 70B 5 53.31 53.81

Financial Forecasting
HAN [147] 20M 5 53.17 54.32
FAST [149] 110M 5 53.62 54.75
HYPHEN [151] 110M 5 55.38 56.37

Single-Article Baseline SINGLE 7B 0 55.73 [0.07] 56.50 [0.06]

Long-Context Baselines

CONCAT-FULL 7B 5 56.43 [0.09] 57.52 [0.08]
CONCAT-PREFIX 7B 5 56.90 [0.09] 57.74** [0.09]
MDS [166] - SUM + CONCAT 7B 5 56.62 [0.09] 57.61 [0.08]
MDS [166] - CONCAT + SUM 7B 5 56.47 [0.09] 57.22 [0.07]
HIERARCHICAL [167] 7B 5 56.95* [0.13] 57.66 [0.12]

Proposed PSC 7B 5 58.24* [0.09] 59.12** [0.08]

Table 5.2: Main Results (higher is better): Model performance on the test set of
our contextualized news prediction task at different forecasting horizons. All models
after and including ”SINGLE” use Mistral-7B as the base model. All results indicate
the AUC of the model’s predicted probabilities reported in percentage units. ”[]”
indicate the standard deviation of the results for that method over 3 training runs
with different random seeds. *, ** indicate that the performance of our proposed
model is statistically better (p < 0.01) than that of the highest-performing baseline
according to the Wilcoxon Signed-Rank Test. The last row (bolded) indicates our
proposed method PSC.

5.5 Baselines

We explore a comprehensive set of baseline methods for modeling long contexts,

including single-article and multi-article prediction. For all experiments in §5.4 and

Table 5.2, single-article predictions are made solely based on the most recent article,

while multi-article prediction incorporates historical context based on the previous N

articles about the same company. We explore more sophisticated methods to retrieve the

most relevant context in §5.6.
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5.5.1 Zero-Shot Baselines

First, we establish some zero-shot, pretrained baselines to highlight the difficulty of

the task. We begin with the Loughran McDonald financial sentiment dictionary (LMD-

Sent) and the pretrained financial sentiment classifier FinBERT-Sent [5]. We also

include leading open-source LLMs: Llama3-Instruct-8B, Llama3-Instruct-70B, Llama3,

Prompting [168], as well a financial instruction-tuned model FinMA [145]. For each

model, we prompt it to predict the direction of the market reaction, according to the

prompt developed in Lopez-Lira and Tang [146]. We explore multiple variations of this

prompt, detailed in §D.8, and report the one with the best validation performance.

The consistently poor performance of these baselines and their inability to effectively

leverage historical context highlights the challenges LLMs face in interpreting the impact

of complex factors driving market reactions.

5.5.2 Financial Forecasting Baselines

We include financial domain-specialized baseline methods, including HAN [147], FAST

[149], and HYPHEN [151], which were designed to make stock movement predictions from

sequences of financial text, and currently represent the state-of-the-art on this type of

financial forecasting task.

5.5.3 Long-Context Baselines

We evaluate several strong long-context modeling baselines to assess the value of

incorporating historical context. For all experiments, we use Mistral-7B [111], a 7B-

parameter model with an 8K context window, to ensure fair comparison against our

proposed method. As a primary baseline, we finetune Mistral-7B on single news articles

(SINGLE) to isolate the effect of adding historical context.
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Concatenation The most direct contextualization method is to simply concatenate the

previous articles and the current article together, denoted as CONCAT-FULL, allowing

the self-attention mechanism to interact them. We also include a version CONCAT-

PREFIX that concatenates the first paragraph of each historical context article. We sort

them in ascending order of time and delimit each article with special tokens. Since the

context length of most LLMs exceeds 8K tokens, this approach can easily accommodate

more than 10 articles. In both cases, we use Mistral-7B to encode this long context and

finetune on the task. This represents the most direct approach of leveraging long-context

capabilities without specialized contextualization. We extract the representation of the

main article tokens with mean pooling, now contextualized with historical articles.

Multi-Document-Summarization MDS involves the summarization of a set of re-

lated documents, which is a natural approach to extract the most relevant information

from the historical context. We use QAMDEN [166], a state-of-the-art MDS model

shown to outperform GPT-4 [166]. We consider two strategies. First, we summarize

the historical context and prepend this summary to the main article, denoted as MDS-

SUM+CONCAT. Alternatively, we concatenate the historical context and the main

article together, and summarize them jointly, denoted as MDS-CONCAT+SUM. We

pass the resulting output to Mistral-7B, which is then finetuned on the task as in §5.5.1.

Hierarchical Encoding Alternatively, a hierarchical encoding approach can be used

[58, 59, 167, 169, 170]. In this approach, adapted from Ivgi et al. [167] and denoted as

HIERARCHICAL, each article is encoded independently, and the resulting token rep-

resentations are concatenated and globally contextualized across articles by a transformer

encoder, further detailed in §D.10.
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5.6 Experimental Results and Analysis

For all experimental results, we would like to highlight the large size of the test

set (150K samples), allowing us to detect most small differences in model performance

with statistical significance. We demonstrate the substantial practical value of

significant but seemingly modest absolute gains in classifier performance in

§5.7.

Historical Context The main results in Table 5.2 highlight the challenging nature of

the task, but we find broad consistency in the relative performance of contex-

tualization methods across time horizons.

Overall, we find that all forecasting horizons benefit consistently and significantly

from the inclusion of historical context. Contrary to Chen et al. [144], we do not find a

significant degradation in model performance for longer time horizons, which we hypoth-

esize is due to our contextualization method. From a practical perspective, we highlight

that longer-term financial prediction is typically more useful for investors since it re-

duces transaction costs, so these gains are likely to be even more valuable in real-world

applications, which we confirm in §5.7 with portfolio simulations.

Context Length In Table 5.3, we compute the forecasting performance and language

model (cross-entropy) loss as a function of the number of historical context articles with

the PSC contextualization method. In this experiment, we only train the model with

5 context articles but test with up to 20 since our method allows for context length

extrapolation.

In this result, we view the LM loss as an approximation of LM’s understanding of the

main article [171, 172]. The results provide evidence towards our hypothesis that model

performance on our task demonstrates language understanding as we find that both
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forecasting performance and LM loss improves with the number of contexts incorporated.

Moreover, we find that the method performance continues to improve up to N = 15

context articles, but the gains diminish after 10. We note that the method’s ability to

generalize to more articles at inference time is particularly valuable as the number of

news articles over a given period of time varies considerably with the size and industry

of the company. Furthermore, as shown in Table 5.1, the average age of context articles

ct−N |N ≥ 5 is more than 3 months, which supports our hypothesis that, despite the age,

the context is helpful in interpreting the recent article, as the market is clearly no longer

reacting to the old context article.

Contextualization Method While we find that all contextualization methods pro-

vide a material benefit over their corresponding single-article baselines, we find that

approaches that summarize the relevant context into a more concise and informative

form, either in the language or the latent space, tend provide better performance than

simple concatenation, which is the most computationally expensive.

We conjecture that the observed trend is due to several factors. Firstly, concatenation

does not impose the inductive bias that the most recent article is the most critical to

the prediction. Secondly, concatenation is likely the most sensitive contextualization

method to positional bias and irrelevant context. Recent work has shown that even SOTA

commercial LLMs exhibit positional bias in the information that they pay attention to,

irrespective of its relevance, and can become confused by irrelevant context [20, 131, 132,

173]. Since the most relevant historical context may not be optimally positioned within

the context window, or may only be partially relevant to the main article, we suspect

that these challenges are exacerbated on a task with such a low signal-to-noise ratio.
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# Contexts LM Loss 7D 30D

0 2.10 55.73 56.50
1 1.95 56.60 57.47
2 1.84 57.48 58.39
5 1.80 58.24 59.12
10 1.75 58.59 59.44
15 1.72 58.66 59.50
20 1.73 58.64 59.52

Table 5.3: Results indicate the forecasting performance and LM loss of the PSC
contextualized model while varying the number of the most recent articles to include
as context.

Retrieval Method In the experiments so far, we assume that the N = 5 most recent

historical articles about the same company provide the best context for the main article

(Time). However, the most recent articles may not always be the most relevant context

as news stories can develop over longer time periods.

We test this hypothesis by instead retrieving the N = 5 most relevant articles about

the same company according to semantic similarity. To do this, we experiment with

three strong but generic retrievers: SBERT [101], Contriever [174], InstructOR [175].

Additionally, we create our own domain-specific, text-encoder (FinSim) pretrained on

the training data with the DiffCSE framework [102]. We further incorporate time into the

measure by applying an exponential decay with a half-life of 6 months to the similarity

score to capture both context similarity and timeliness (TimeFinSim). Given main

article a, historical context c, time elapsed t, and half-life H:

TimeFinSim(a, c, t) = FinSim(a, c) · e−
ln(2)
H

t

For each target article, we retrieve the N = 5 closest articles from the same company

within the last year and pass them to PSC for contextualization in temporal order. We

include more details about the retrievers in §D.11.
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As shown in Table 5.4, we find that semantic similarity-based retrieval is only better

than time-based when the retriever is specialized to the financial domain (FinSim) and

that a hybrid approach (TimeFinSim) performs significantly better. We conjecture that

since the retrieval set is all financial articles about the same company, generic retrievers

are not sufficiently discriminative to connect related events together.

Retriever # Contexts 7D 30D

Time 5 58.24 59.12
SBERT 5 58.02 58.80

Contriever 5 58.10 58.96
InstructOR 5 58.17 59.11

FinSim 5 58.81 59.74
Proposed-TimeFinSim 5 59.12 60.15

Table 5.4: Results indicate the AUC performance of different text retriever models
used to retrieve the N = 5 most relevant articles to contextualize the main article
with PSC contextualization method.

5.7 Model Analysis and Interpretability

In this section, we explore the behavior of the model from different perspectives and

reveal insights into the value of historical context and potential impact on investment

applications.

Staleness of News Financial news articles do not always report novel information.

Stale news may cover information that has already been priced into the market, in which

case it can have a different market impact. To better understand the impact of stale news

on our results and the value of contextualization, we must first introduce a measure of

news staleness. For this purpose, we define article staleness to be the average similarity

of the article to the preceding N = 5 articles about the same company, using SBERT
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Historical Context, N=1 Main Article

Harte Hanks announces
sale of Trillium business
to Syncsort for $112m
in cash...Harte Hanks
will use substantially all
of the net proceeds from
the sale to retire its
outstanding credit facility
...additional details will
be provided at a later
date..

Harte-Hanks to delay
10-K filing...compli-
cations required to
account for the sale
of the company’s
trillium business
(and calculate the
tax therefor),...delays
and complications in
performing its annual
goodwill impairment
analysis, and additional
time-consuming review,
testing and evaluation.

Figure 5.2: Sample news that highlights the value of historical context in understand-
ing the recent news article. Without knowing the terms of the sale, filing delays would
typically be interpreted negatively. However, the sale allows the company to pay off
its outstanding debt. We vary the number of historical context articles (N) and show
that more context leads to consistently improved language understanding and fore-
casting performance.

[101] for document embeddings E:

staleness(at) =
1

5

N=5∑
i=1

sim(E(at), E(at−i))

This metric will assign higher staleness scores to articles which overlap substantially with

previous articles about the same company, and estimate how much novel information is

reported. We categorize the test data into 3 levels of staleness based upon this measure.

As shown in Table 5.5, we find that the historical contextualization provides consistent

benefit across all articles but has the largest relative improvement for the stalest articles

relative to their histories, as the model can learn to adjust its predictions based upon the

novelty of the information and its effect within the related context. It is also important

to note that high article novelty (low staleness) is likely associated with less relevant

contexts, which could be viewed as distracting information and ultimately confuse the

model from the main article [20]. However, our method still provides value in these
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instances, suggesting that it is robust to less relevant contexts, which we attribute to its

ability to distill relevant information.

Staleness Level Single, N=0 Contextualized, N=5 ∆

1 56.94 58.31 1.37
2 56.51 59.37 2.86
3 56.39 59.72 3.33

Table 5.5: Results indicate the 30D AUC performance of the single article model
baseline and the PSC contextualized model, as well as the difference between them
(∆), across articles with different levels of staleness relative to their histories, reported
in percentage points.

Case Study and Qualitative Analysis We conduct a qualitative analysis of model

predictions to further understand the effects of historical contextualization and its impact

on the model behavior. To this end, we sort the difference in model predictions between

the single article and historical contextualized model, and examine the sample with the

largest difference. In this example, displayed in Figure 5.2, the single-article model

predicts that the filing delay reported in the most recent article will lead to a negative

return, but the additional context of an article from a few months prior reveals the reason

is due to the sale of a business unit that will enable the company to pay down its debt

and reduce its interest burden. As a result, investors viewed the news favorably and the

stock rallied considerably over the following month.

Portfolio Simulations In Table 5.6, we demonstrate the economic value of our method-

ology with portfolio simulations. We form monthly long-short (market-neutral) portfolios

[34] by sorting stocks based on the average 30D-horizon model predictions from the past

month, detailed in §D.1. For comparison, we simulate two common trading strategies:

Price Momentum [176] and the Fama-French 6-Factor pricing model [177], described

further in §D.2. Following Cong et al. [130], we include net performance that includes
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conservative estimates of the impact of transaction costs on portfolio implementation.

The resulting performance of our contextualization method generates investment per-

formance that is economically and statistically better than the single and multi-article

baselines. Relative to the single article baseline, we note that a seemingly modest ab-

solute gain in AUC (∼2.5%) from our approach results in a more than 50% relative

improvement in investment performance. These results demonstrate that the contextu-

alized model provides significant predictive value beyond the single-article baseline in a

real-world trading setting.

Method Net Return Volatility Net Sharpe Ratio

Price Momentum 5.30 18.33 0.29
Fama-French 6-F 6.99 14.51 0.48

SINGLE, N = 0 9.04 13.40 0.67
CONCAT, N = 5 11.35 13.30 0.85

HIERARCH, N = 5 12.04 13.55 0.89

Proposed-PSC, N = 5 14.13 13.33 1.06
+ TimeFinSim 15.02 13.25 1.14

Table 5.6: Annualized portfolio statistics of simulated investment performance, ex-
pressed in percentage units. N denotes the number of historical context articles used.
“Net” performance includes an estimate of the impact of transaction costs, detailed
in §D.1.

5.8 Conclusion

We explore the value of historical context in the ability of language models to un-

derstand the market impact of financial news, and find that it provides a consistent and

significant improvement in performance across methods and time horizons. To this end,

we propose an efficient and effective contextualization method that allows the use of a

large LM on the main article while using a small LM to summarize the historical context.

Through multiple interpretability tests, we reveal insights into the value of historical con-

text and demonstrate that it directly translates to improvements in simulated investment

92



Context-Aware Modeling of Financial News Chapter 5

performance.
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Chapter 6

Multimodal Modeling of Interleaved

Text and Time Series
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Figure 6.1: Overview of our multimodal forecasting task and proposed model
(MSE-ITT), which processes interleaved sequences of tokens of news articles (Text)
and discretized stock returns (TS). MSE-ITT incorporates modality-specific experts
to capture distinct patterns in text and time series, while enabling joint reasoning
across modalities through selective cross-modal attention.

6.1 Introduction

Text and time series provide complementary perspectives on financial markets. News

articles describe company events, such as earnings announcements, product launches,

and mergers, while stock prices reflect how markets react to these events over time.

When these modalities are combined, it presents a promising yet challenging opportunity

for large language models (LLMs) to enhance financial forecasting by reasoning over

temporally aligned but semantically distinct inputs.

To better understand their complementary nature, consider how time series and text

contribute distinct but related signals. The time series data offers global context into

both short and long-term price behavior, allowing the model to learn patterns driven
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by investor biases [176, 178, 179]. Moreover, the interleaved stock prices act as im-

plicit supervision, revealing how markets have previously responded to similar news, and

exposing the model to repeated cause-and-effect dynamics. Conversely, news articles

provide both retrospective context about historical market behavior and forward-looking

signals that may reinforce or contradict current price trends. By jointly modeling these

modalities, LLMs have the potential to learn cross-modal interactions and context-aware

representations that would not be possible from either modality alone.

However, effectively integrating long sequences of text and time series in a unified

model remains challenging. Simple strategies, such as converting numerical data into

strings of digits, fail to capture their distinct structures. Language is discrete, syntax-

rich, and compositional, while time series are continuous, stochastic, and governed by

temporal dependencies. Furthermore, news arrives at irregular intervals, while stock

prices are observed daily. These structural differences make it difficult for pretrained

LLMs, which are optimized for language, to extract meaningful signals from time series

inputs. Instead, we argue that modeling these multimodal sequences requires modality-

specific components that can respect and exploit the unique structure of each input type,

while enabling joint reasoning across modalities.

To address this, we propose a unified multimodal architecture with modality-specific

experts and design a pretraining objective to effectively learn cross-modal interactions.

In summary, we make the following key contributions.

1. We design a multimodal architecture (MSE-ITT) that can effectively model inter-

leaved sequences of text and time series, demonstrating state-of-the-art performance

on a challenging financial forecasting task compared to a comprehensive set of base-

lines (§6.4, Table 6.2).

2. We introduce a unified cross-modal alignment framework (SALMON) with a dy-

96



Multimodal Modeling of Interleaved Text and Time Series Chapter 6

namic, salient token weighting mechanism (STW) to effectively learn time-series-

specific features that enhance language understanding (§6.4.2, Table 6.3).

3. We develop an interpretability method that reveals insights into the value of time series

context and demonstrate that it translates to significant economic gains in investment

applications (§6.7.2, Table 6.5, Table 6.6).

Broader Impact We hope this work encourages future research on LLMs that reason

over interleaved sequences of text and time series, particularly in domains where struc-

tured and unstructured data interact over time, such as finance, healthcare, and climate.

Our findings highlight the limitations of treating time series equivalently to language and

underscore the importance of dedicated mechanisms for structured time series inputs.

6.2 Related Work

6.2.1 Multimodal Time Series Forecasting

LLMs have greatly improved their capabilities in understanding multimodal inputs,

such as text, images, audio, and video [180–183]. However, they have demonstrated

challenges in understanding time series data. While some work has found benefit in us-

ing LLMs to perform time series forecasting with zero-shot learning [184] or finetuning

[159], other work has found that their pretrained weights do not provide positive trans-

fer [28] and struggle to reason about them effectively [29] without specialized encoding

[30]. Moreover, recent work on contextualized forecasting has explored integrating text

and time-series data using two main strategies. One paradigm converts time series into

strings or embeddings, allowing text to condition LLM predictions [159, 185, 186]. How-

ever, this assumes LLMs can natively interpret time series and limits the model’s ability
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to learn modality-specific patterns. Another approach uses frozen language models to

extract fixed text features for multivariate time series models [187, 188]. While this al-

lows modality-specific patterns, it prevents deep cross-modal interaction and inhibits the

reasoning capabilities of LLMs.

6.2.2 Financial Prediction

Recent work has shown that language models can predict stock returns from news

articles [144–146]. Separately, historical price patterns have been shown to be predictive

[176, 178, 179]. These findings have motivated recent work exploring methods to integrate

textual and time series data to improve forecasting [38, 117, 148, 189–191]. However, most

of these models process each modality independently and generally rely on late-fusion

methods, limiting cross-modal interaction during representation learning.

6.3 Problem Statement

6.3.1 Multimodal Inputs

In our main problem formulation, we consider a multimodal sequence of time-stamped

inputs, aperiodically arriving news articles (text), and daily stock returns (time series),

described below.

Time Series Inputs As time series inputs Xt, we consider the daily stock return rt of

the company over the last 1-year (252 trading days).

Xt = {rt−252, ..., rt−1}
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While we demonstrate that our method generalizes to multivariate time series in §E.9, we

focus on the univariate case in our main experiments to more precisely study the effects

of the cross-modal interaction method in a controlled setting.

Textual Inputs As textual inputs Yt, we consider the N most recent news articles at

about the company prior to time t:

Yt = {at−N , ..., at−1}

For computational efficiency, we select the N = 10 most recent articles about the

same company that occurred within the last 1-year.

6.3.2 Task Formulation

Following Chen et al. [144], Xu and Cohen [148], we adopt the task of predicting

the direction of the stock price Pt change over the course of short-term and long-term

horizons (days) h ∈ {7D, 30D} at prediction time t.

Dt = Sign(Pt+h − Pt)

We evaluate the performance on this binary classification task with AUC because the

continuous scores are more informative than discrete classes for investment management

applications.

Data Acquisition and Curation We curate financial news articles in English from

the FNSPID Dataset [192], for US-based public companies, which covers a variety of

company events and news sources. We perform a curation process, following the filtering

criterion in Chen et al. [144] for data quality, detailed in §E.4. Our sample contains more

99

https://huggingface.co/datasets/Zihan1004/FNSPID


Multimodal Modeling of Interleaved Text and Time Series Chapter 6

than 3,000 public companies in the US, encompassing a diverse range of firm sizes and

industries.

Data Statistics and Task Formulation We temporally partition the data into train-

ing (2010-2017), validation (2018-2019), and test (2020-2024) sets. We provide summary

statistics in Table 6.1.

Train Validation Test

Start Date Jan-2010 Jan-2018 Jan-2020

End Date Dec-2017 Dec-2019 Dec-2024

# Samples 155,146 36,931 115,611

# Companies 2,591 2,249 3,564

Table 6.1: Summary statistics of the characteristics of financial news articles and stock
return time series in each sample split.

6.4 Proposed Method

6.4.1 Model Design

In this section, we introduce our proposed modality-specific experts multimodal model

for interleaved sequences of text and time series (MSE-ITT), illustrated in Figure 6.1.

The use of mixture-of-experts (MOE) layers [26, 27, 193] in LLMs have become pervasive

because of their improved representational capacity and compute efficiency, allowing

subnetworks to specialize in different regions of the input. Inspired by recent advances in

multimodal MOE-based LMs for text and images [22–25], we design a modality-specific

experts architecture that builds on Llama3-8B [194], an autoregressive LM with strong

language capabilities, and extend it with components tailored for temporal and cross-

modal understanding.
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Modality-Specific Experts To process both modalities effectively, we introduce ded-

icated modality-specific (TS) parameters into each layer of the pretrained LM. These

modality-specific components are responsible for processing time series inputs, enabling

the model to capture time-series patterns without disrupting the pretrained language ca-

pabilities of the base LM. This separation reduces cross-modal interference and imposes

an inductive bias that respects the structural differences between text and time series.

At the same time, it allows for joint modeling of interleaved sequences. We maintain

causal masking in the self-attention layers to preserve temporal causality.

These added parameters include layer normalization (LN), multi-headed attention

projections (QKV), and feedforward MLPs (MLP):

hq
text, h

k
text, h

v
text = QKVtext

(
LNtext(htext)

)
hq
ts, h

k
ts, h

v
ts = QKVts

(
LNts(hts)

)
htext = MLPtext

(
LNtext(htext)

)
hts = MLPts

(
LNts(hts)

)
In this design, the text (htext) and time series (hts) hidden states are routed to separate

modules, before performing joint self-attention over the multimodal sequence:

h = softmax
(

[hq
text;h

q
ts][h

k
text;h

k
ts]

⊤
)

[hv
text;h

v
ts]

We initialize these dedicated TS-parameters from the pretrained values in the corre-

sponding LM layer. We omit the residual connections and scaling for brevity.
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Selective Cross-Modal Attention Prior work has shown that early layers of pre-

trained LMs capture low-level, syntactic patterns [195–197], while deeper layers encode

higher-level, global semantics. In addition, attention weights have been found to exhibit

noise due to positional biases [20, 198–200]. Based on these findings, our hypothesis is

that deeper layers are more likely to benefit from time-series context and that introducing

cross-modality attention at early layers may be harmful, as it risks disrupting low-level,

modality-specific representations with noisy time-series signals. To address this, we re-

strict cross-modality attention to the top half of the network layers (16-32), allowing the

lower layers (1-16) to focus on learning more localized, modality-specific features. This

design choice results in efficiency gains, and, as shown in our ablation studies (Table 6.4),

improves language understanding and task performance.

Interleaved Multimodal Sequence We design the input as a temporally ordered

sequence of multimodal tokens, where at is a sequence of tokens for news article a and rt

is the stock return with timestamp t.

x1:L = {rt−252, ..., at−N , ..., rt−1, ..., at−1}

Since the news articles arrive at irregular intervals, we employ pointwise embedding

tokenization [201] to accommodate a variable number of time steps between news articles,

rather than using fixed-length patches. This allows flexible modeling of sequences with

variable temporal resolution and supports application to other domains with irregular

event streams.

Because financial data is known to be statistically noisy, we discretize the continuous

time series values into a fixed number of bins B, enabling more robust representations

and reducing sensitivity to outliers. We learn embeddings (TSEmb) for each bin [202,
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203] with quantile binning to ensure a well-calibrated distribution. We tune B over the

validation set and ablate this design choice in §E.7. This choice allows us to transform

the inputs into a unified sequence of embeddings zi:

zi =


TextEmb

(
xi

)
, if mod(xi) = text,

TSEmb
(
xi

)
, if mod(xi) = ts,

We pass them through MSE-ITT to obtain contextualized hidden states h:

h1:L = MSE-ITT
(
z1:L

)
= [h1, . . . ,hL ]

This interleaved input design enables the model to leverage the pretrained LLM’s relative

positional encodings [154], to reflect the natural temporal order of events, rather than

relying on learnable time embeddings [204] only at the input layer. Because rotary

encodings impose a strong locality bias throughout the network, preserving temporal

order in the input allows the model to better exploit this inductive bias in its attention

patterns. It also ensures that the relative distance between article tokens reflects their

actual separation in time, spaced by time series embeddings corresponding to the number

of days between events.

6.4.2 SALMON

To further improve multimodal understanding, we introduce Salience-Aware Lan-

guage Modeling over Interleaved Modalities (SALMON), a unified pretraining objective,

that jointly predicts the next text token and the next time series token in an interleaved

multimodal sequence, with a dynamic salience-based weighting mechanism. Since we

discretize the time series into discrete tokens, both objectives can be trained using cross-
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entropy loss, with separate projection heads for text tokens (Utext) and time series tokens

(Uts):

Pθ(xi) =


softmax(Utexthi−1), if mod(xi) = text,

softmax(Utshi−1), if mod(xi) = ts,

L(x; θ) = −
∑

i∈Itext

logPθ(xi,text) −
∑
i∈Its

logPθ(xi,ts)

To enable cross-modal learning without disrupting pretrained language capabilities,

we freeze the pretrained text-branch parameters and train only the newly introduced

TS-specific parameters. This joint objective encourages the model to learn to identify

features in the time series that are predictive of future news text, and learn aligned

representations that capture how text and time series data co-evolve together.

Salient Token Weighting (STW) While SALMON enables joint language model-

ing across modalities, standard cross-entropy loss places equal weight on all next token

predictions. However, we hypothesize that not all textual tokens should theoretically

or equally benefit from time-series context. In typical news text, many tokens, such as

function or filler words, are easily predicted using neighboring tokens. While these to-

kens may not benefit from TS-context, we suspect that specific salient tokens, such as

those sentiment-charged or related to market behavior, could benefit substantially. For

example, consider the news headline in Figure 6.2.

We hypothesize that the easily predicted words dominate the loss function and that

a selective weighting mechanism can help focus the training signal on tokens where TS-

context provides significant mutual information, thereby improving the alignment process

by reducing weight on noisy, irrelevant tokens.

To systematically identify such salient tokens without relying on external sentiment

104



Multimodal Modeling of Interleaved Text and Time Series Chapter 6

Model Class Model Base LM Input 7D 30D

Zero-Shot LLM

GPT-4o, Direct [146] GPT-4o text 52.45 53.31
GPT-4o, CoT GPT-4o text 53.15 54.33
GPT-4o, Direct GPT-4o ts 50.92 49.77
GPT-4o, CoT GPT-4o ts 48.70 47.90
GPT-4o, Direct [185] GPT-4o text, ts 52.09 52.71
GPT-4o, CoT [205] GPT-4o text, ts 50.56 53.05

Unimodal
TS-Only [126] None ts 52.93 53.88
Text-Only [144] Llama3-8B text 53.76 54.13

MMTSF

TimeLLM [159] Llama2-7B text, ts 53.79 55.10
TaTs [188] Llama2-7B text, ts 54.48 54.81
TTSR [30] Mistral-7B text, ts 55.93 56.17**
TimeMDD [187] Llama3-8B text, ts 55.15 55.25
Hybrid-MMF [186] Llama3-8B text, ts 55.96* 55.84

SFF

FinMA [145] Llama2-7B text, ts 51.11 52.15
MTFE-MICM [38] BigBird-125M text, ts 55.44 54.49
FININ [189] RoBERTa-125M text, ts 52.47 53.13
StockTime [206] Llama3-8B text, ts 55.36 55.85
MAT [207] FinBERT-110M text, ts 54.43 53.81
MM-iTransformer [191] FinBERT-110M text, ts 54.16 53.57

Proposed MSE-ITT Llama3-8B text, ts 57.94* [0.08] 58.48** [0.07]

Table 6.2: Main Results (higher is better): Model performance on the test set of our
multimodal prediction task at different forecasting horizons. All results indicate the
AUC of the model’s predicted probabilities reported in percentage units. ”[]” indicate
the sample standard deviation of the results over 3 training runs with different random
seeds. *, ** indicate that the performance of our proposed model is statistically better
(p < 0.01) than the next best performing model according to DeLong’s test. The last
row indicates our proposed method MSE-ITT.

dictionaries, we design a contrastive estimation approach inspired by recent advances in

contrastive decoding [208, 209] and long-context training [199, 210]. To this end, we

leverage the LM with text-only inputs as a contrastive baseline. Specifically, we compute

two versions of token-level predicted probabilities: one using text-only inputs and another

using the full multimodal input. Since we freeze the text-only parameters of the model,

we can compute the baseline forward pass efficiently with no gradients attached. The

ratio of these probabilities (i.e. the likelihood ratio) reflects how much the TS context

improves the prediction of each token, and serves as a proxy for token salience.

Mathematically, assume that Pθ(xi,text | xj<i,text) is the probability of the i-th text
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Figure 6.2: Illustration of our cross-modal alignment framework, SALMON, which
learns to align historical stock price behavior and news articles with a unified objective.
The Salient Token Weighting (STW) mechanism dynamically assigns higher weight to
tokens that benefit most from time-series context, improving cross-modal alignment.

token given preceding text tokens, and Pθ(xi,text | xj<i,text, xj<i,ts) is the probability when

preceding time series context is also provided. We define the token-level weight as:

W (xi,text) =
Pθ(xi,text | xj<i,text, xj<i,ts)

Pθ(xi,text | xj<i,text)

such that W directly measures how much the prediction of each token improves when

time series context is available. Values greater than 1 indicate tokens that benefit from

time series context, while values less than 1 indicate tokens where time series context

is less helpful or potentially distracting. Finally, the weights are normalized to have

mean one per sequence W̃ and then applied to each textual token in the cross-entropy

loss. Mathematically, let xi,text and xi,ts denote the i-th text and time series tokens,

respectively, and cj<i = (xj<i,text, xj<i,ts) denote the previous context, then the STW

loss is formed on textual inputs xtext by:

LSTW (xtext; θ) = −
∑

i∈Itext

W̃ (xi,text)·

logPθ(xi,text | cj<i)
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This weighting mechanism amplifies the learning signal for textual tokens that benefit

most from time series context. Since, at the beginning of training, the estimated token-

level weights are not meaningful as the model has not yet learned to effectively leverage

the time series context, we warm-start W = 1 for the first 20% of training steps, and

then relax this constraint to W ∈ [0.1, 10.0] as the models learn to better utilize this

information. We perform this cross-modal pretraining step on the input training data,

and ablate the value of it and the token weighting mechanism in Table 6.3.

Implementation Details Our method is parameter and compute efficient as we freeze

the pretrained text-branch parameters, and only finetune the newly added TS-branch

parameters efficiently with LoRA [165], during both cross-modal alignment and task

finetuning.

6.5 Baselines

We provide a comprehensive set of strong baselines to evaluate the benefits of our

approach, spanning commercial LLMs, state-of-the-art multimodal time series forecasting

models, and specialized financial models for stock movement prediction.

Unimodal First, we provide simple unimodal baselines that indicate the independent

forecasting ability of each input modality. Text-Only indicates training a classifier on

frozen Llama3-8B embeddings of the text-only inputs [47]. TS-Only indicates training

PatchTST [126] on only the time series inputs.

Zero-Shot LLMs We include the zero-shot performance of GPT-4o [211] with a va-

riety of different prompting configurations, following [185], establishing state-of-the-art

commercial LLM baselines and highlighting the difficulty of the task. We provide dif-
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ferent prompting methods, including direct prediction (Direct) and Chain-of-Thought

(CoT) [205, 212]. The time series inputs are converted to text strings and we tune their

formatting with validation set performance [184, 185]. We also provide text-only and

time-series only baselines to indicate the relative ability of LLMs to reason over each

modality, detailed in §E.5.

Multimodal Time Series Baselines We implement a variety of baselines specialized

for multimodal time series forecasting (MMTSF). These include TaTs [188], TimeMDD

[187], TimeLLM [159], Hybrid-MMF [186], and TTSR [30]. All of these models are

finetuned on the training data according to their original implementations, described

further in §E.2.

Financial Forecasting Baselines We include a variety of baselines specialized for

multimodal stock movement prediction (SFF). These include FinMA [145], MTFE-

MICM [38], FININ [189], StockTime [206], MAT [207], and MM-iTransformer [191].

All of these models are finetuned on the training data, detailed in §E.2.

6.6 Experimental Results and Analysis

6.6.1 Main Results

Overall, we find that our proposed model delivers meaningful gains in forecasting

performance across time horizons compared to a strong set of diverse baselines, and

that these gains translate to significant improvements in investment simulations (Ta-

ble 6.6). As we further demonstrate with ablation experiments (Table 6.3, Table 6.4),

these improvements stem from key architectural design choices grounded in inductive

biases. First, the model captures modality-specific structure by introducing dedicated
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parameters for time series data, while maintaining a unified architecture that enables

joint reasoning across modalities. Second, our SALMON objective aligns time series fea-

tures in the latent space of the LLM for enhanced cross-modal understanding, while our

dynamic salient weighting mechanism enhances cross-modal alignment by focusing on

key tokens that benefit most from time series context.

Time Series Context The main results in Table 6.2 highlight the challenging nature

of the task and that the value of multimodal context highly depends upon the method of

integration. While some methods benefit significantly from multimodal context, others

underperform unimodal baselines.

We highlight that across both general and specialized baselines, there is a clear trend

that methods that initially encode the time series with separate parameters from the

LLM perform better than those that exclusively rely on LLM’s native ability to extract

meaningful time series features in either the text or latent space. Similarly, we find that

models that simply treat text features as additional channels within a multivariate time

series model underperform those that harness the powerful reasoning capabilities of LMs.

These findings reinforce our design decision for modality-specific experts within a unified

architecture.

Zero-Shot LLMs We highlight two interesting findings for GPT-4o. Firstly, GPT-4o

performs better with text-only inputs than multimodal inputs, failing to benefit from the

time series context. Secondly, prompting with chain-of-thought improves the ability to

GPT-4o to analyze the textual inputs while failing to improve its ability to reason about

the time series inputs. Overall, these results clearly highlight the challenges that LLMs

exhibit in reasoning over time series inputs [29], particularly in the financial domain,

which are often noisy and lack consistent patterns.
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Method 7D 30D

MSE-ITT w/o SALMON 56.93 57.14
+SALMON w/o STW 57.56* 57.89*
+SALMON w/ STW 57.94** 58.48**

Table 6.3: Results demonstrate the value of our proposed Cross-Modal alignment ob-
jective (SALMON) with Salient-Token Weighting (STW) compared to the baseline
MSE-ITT model finetuned without any pretraining. *, ** indicate that the perfor-
mance of the model is statistically better (p < 0.05) than the previous model according
to DeLong’s test.

6.6.2 Ablation Studies

We conduct extensive ablations of our multimodal architecture and cross-modal align-

ment process, highlighting the contribution of each design choice to overall model per-

formance.

Cross-Modal Alignment In Table 6.3, we find that SALMON pretraining signifi-

cantly improves both language understanding capabilities and task performance by align-

ing representations across modalities. Additionally, our STW mechanism provides addi-

tional benefits over standard equal token weighting by selectively identifying and empha-

sizing tokens that benefit most from TS context, leading to more effective cross-modal

representation learning.

Modality-Specific Experts In Table 6.4, we provide a direct comparison of our

method against baseline models that share weights between the text and time-series

inputs. These results demonstrate that our multimodal model effectively leverages time

series context to improve its language understanding capabilities with unified pretrain-

ing (20% reduction in LM loss). Compared to sharing parameters, our modality-specific

experts architecture improves both language and time series understanding capability,

mitigating cross-modal interference and allowing unique modality patterns.
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Model LM Loss 30D

Text-Only 2.20 54.13

Shared Parameters 2.00 55.80
Separate QKV 1.85 56.78
Separate MLP 1.91 56.31

Cross-Modal Attention, Layers 1-16 1.96 56.00
Cross-Modal Attention, Layers 1-32 1.81 56.51

MSE-ITT 1.78 57.14

Table 6.4: Results demonstrate the value of our proposed MSE-ITT architecture in
both language understanding (LM Loss) and financial forecasting (30D) performance,
compared to two sets of baselines that (1) share parameters across text and TS inputs
and (2) perform cross-modal attention in different layers of the network. Note that
the LM Loss results include cross-modal alignment training (SALMON) but the 30D
results do NOT.

Selective Cross-Modal Attention We include baselines in which cross-modal atten-

tion is performed in early layers of the network, rather than just the second half. As

shown in Table 6.4, cross-modal attention in the early layers of the network is detrimen-

tal to performance, supporting our hypothesis that early LM layers focus on low-level

features that can become disrupted by premature cross-modal interactions. We believe

these findings could generalize to other multimodal contexts (e.g. healthcare, climate,

etc.) in which modalities possess different properties but shared temporal alignment.

6.7 Model Analysis and Interpretability

In this section, we explore the behavior of the model and reveal insights into the value

of time series context and its potential impact on investment applications.
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6.7.1 Real-World Case Study

To further illustrate how our model benefits from multimodal reasoning, we examine

a real-world event sequence involving the proposed Pfizer, Allergan merger, shown in

Figure 6.3. This event unfolded over several months in 2015 and 2016, with headlines

describing early merger rumors, confirmation of deal terms, political opposition, and

ultimately, the termination of the transaction.

While a headline such as “Merger terminated by mutual consent” may appear negative

in isolation, it follows a series of prior developments in which investors reacted negatively

to news suggesting the deal would proceed. The accompanying stock return history

reveals this clearly: mild declines on initial merger rumors, followed by a significant sell-

off once the deal was announced, and a strong rebound when the US Treasury issued

rules to block the deal. On April 6, 2016, when Pfizer and Allergan officially terminated

the merger, the stock surged.

This price behavior indicates that investors viewed the termination as favorable, even

though the text of the headline appears quite negative. A text-only model, seeing only

the phrase “merger terminated”, predicts a low probability (0.32) of a positive return.

The time series-only model, reacting only to the long-term price trend of the stock price,

driven negative by the merger rumors, predicts a score of (0.21).

However, our multimodal model (MSE-ITT), which jointly reasons over the headline,

prior news, and accompanying stock price movements, assigns a high probability (0.79) to

a positive return following the announcement. This prediction reflects the model’s ability

to perform a form of counterfactual reasoning: although the headline (“merger termi-

nated”) appears negative in isolation, the model recognizes that it cancels a deal investors

had previously responded to unfavorably. By conditioning on prior market reactions to

similar events, MSE-ITT infers that the termination is likely to be viewed positively. This
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Date News Headline Stock Return Interpretation

29 Oct 2015 Pfizer approaches Allergan about record
merger

-1.9%, ... , -0.00% Rumor; investors mildly
optimistic

23 Nov 2015 $160 B deal announced; Pfizer to relocate
to Ireland

–2.6%, ... , +2.3% Fear of dilution and tax-
inversion risk

5 Apr 2016 U.S. Treasury issues rules likely to scuttle
tax inversion

+2.1% Hope deal will be aban-
doned

6 Apr 2016 Merger terminated by mutual consent +5.0% Relief rally

Figure 6.3: Example sequence of news events and market reactions about the poten-
tial Pfizer-Allergan merger. The news articles contain persuasive language, yet the
accompanying stock returns reveal the market’s true perception: optimism on early
rumors, a sharp sell-off once the deal terms are set, and a relief rally when the takeover
is cancelled. Jointly modeling these inputs can more effectively interpret the outcome
of such events.

deep integration of modalities enables the model to capture temporally grounded event

semantics, where the sentiment of a headline depends critically on historical context.

Furthermore, this case study illustrates how unimodal models, lacking either nar-

rative or market information, misinterpret semantically ambiguous events. In contrast,

MSE-ITT aligns text and time series through token-level weighting that links financial

language to observed outcomes, allowing it to resolve sentiment ambiguity and deliver

more accurate, context-aware forecasts.

6.7.2 Value of Time Series Context

To further investigate where and when time-series context is most beneficial, we use

the LM Financial Dictionary [3] to classify the financial sentiment of words. Following

§6.4.2, we compute the benefit of TS-context (likelihood ratio) for each group of words

across the test set with our MSE-ITT model after SALMON pretraining.

In Table 6.5, we report median statistics on the likelihood ratio for sentiment words, as

defined by the LM Financial Dictionary [3], which indicates the marginal benefit that time

series context provides for predicting the identity of the tokens. These results demonstrate

113



Multimodal Modeling of Interleaved Text and Time Series Chapter 6

Word Category Likelihood Ratio

Stop Words 0.71
Non-Sentiment 1.45
All-Sentiment 1.83
Positive 2.17
Negative 1.74
Litigious 1.76
Uncertainty 1.63
Constraining 1.23
Weak Modal 2.95
Strong Modal 1.28

Table 6.5: Median likelihood ratios across word categories from the LM Financial
Dictionary [3], computed on the test set. These ratios quantify the marginal benefit
of time series context for predicting words in each category, revealing the strongest
gains for sentiment-charged words.

that sentiment-charged words benefit from the time series context significantly more than

non-sentiment words, and dramatically more than stop words. These findings highlight

the complementary nature of time series and textual data and reinforce the design of

our STW loss function §6.4.2. The time series context provides valuable information for

improving language understanding and interpreting the impact of news events.

6.7.3 Portfolio Simulations

In Table 6.6, we demonstrate the economic value of our methodology with portfo-

lio simulations. We form monthly long-short (market-neutral) portfolios [34] by sorting

stocks based on the 30D model predictions from the past month, detailed in §E.3. For

comparison, we simulate unimodal baselines and the best performing multimodal base-

lines, described further in §E.3. Following Cong et al. [130], we include net performance

that includes conservative estimates of the impact of transaction costs on portfolio im-

plementation.

The test period (Jan 2020 - Dec 2024) spans 5-years of highly diverse market regimes,
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including the COVID-19 crash and recovery, stimulus-driven expansion, and inflation and

rate hikes, ensuring robustness across economic conditions. The resulting performance

of our unified multimodal model generates investment performance that is economically

and statistically better than the best performing multimodal baselines. These results

demonstrate that our model provides significant predictive value in a real-world trading

setting.

Method Net Return Volatility Net Sharpe Ratio

TS-Only [126] 5.99 13.11 0.46
Text-Only [144] 8.60 10.47 0.82

TTSR [30] 12.37 11.28 1.10
Hybrid-MMF [186] 11.60 10.19 1.13
MTFE-MICM [38] 10.23 10.39 0.99
StockTime [206] 13.91 12.65 1.10

Proposed, MSE-ITT 17.01 11.26 1.51

Table 6.6: Annualized portfolio statistics of simulated investment performance, ex-
pressed in percentage units. “Net” performance includes an estimate of the impact of
transaction costs, detailed in §E.3.

6.8 Conclusion

We propose a unified multimodal architecture for modeling interleaved sequences of

text and time series data, and introduce a cross-modal alignment framework with a salient

token weighting mechanism that learns to align representations across modalities with a

focus on the most informative tokens. Our approach demonstrates state-of-the-art perfor-

mance on a challenging financial forecasting task, and our ablation experiments confirm

the contribution of our design decisions. These forecasting improvements translate to eco-

nomically meaningful gains in portfolio simulations, underscoring the real-world value of

our approach. These findings highlight the need for modality-specific structures and joint

reasoning in multimodal LMs, with broader implications for domains in which text and

time series co-evolve.
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7.1 Summary of Contributions

In summary, financial data exhibits distinctive structure that requires specialized

modeling approaches. Financial text is long, complex, and domain-specific, often ex-

pressing predictive signals through subtle linguistic cues, comparisons across documents,

and relationships among prior events. Financial data is also inherently temporal and mul-

timodal, comprising timestamped sequences of textual and structured numerical data.

Information in one modality at a given time contextualizes contemporaneous signals in

other modalities, while both must often be interpreted in the context of historical infor-

mation. Therefore, effective financial forecasting requires models that can reason jointly

over domain-specific language, long-range dependencies, temporal dynamics, and cross-

modal interactions.

To address these challenges, this dissertation advances financial NLP and forecasting

through a sequence of contributions that progressively extend the modeling framework

from single documents to long-context, temporally structured, and multimodal sequences.

Overall, we demonstrate that models designed and trained to capture the unique structure

of financial data deliver significant improvements in forecasting and investment perfor-

mance.

First, in Chapter 2 [36], we study forecasting from individual long documents. We

demonstrate that language models can be adapted to the financial domain, extended

to long-contexts, and trained directly on full-length transcripts to predict long-horizon

financial outcomes, and that such models can outperform traditional approaches based on

manually engineered financial variables. This work highlights the importance of domain

adaptation and long-context modeling for capturing subtle signals embedded in financial

disclosures.

Second, in Chapter 3 [37], we study forecasting settings in which predictive signals are
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expressed through subtle relationships across long, complex documents. We formulate

two novel document comparison tasks, predicting long-horizon company risk and correla-

tion, that require cross-document reasoning over complex, nuanced signals. We introduce

methods for aligning and comparing long documents, enabling models to capture subtle

similarities and differences in content that are informative for forecasting. This work

emphasizes the importance of comparative reasoning in financial analysis.

Third, in Chapter 4 [38], we extend the forecasting setting from text-only inputs

to paired, temporally aligned sequences of structured and unstructured financial data.

We develop models that jointly process textual and numerical inputs over time, captur-

ing dependencies across both modality and temporal dimensions. We demonstrate that

each modality contains distinct structure and predictive information, the importance of

targeted multi-stage fusion for effective multimodal integration, and that the resulting

predictions yield economic value in simulated trading settings. This work demonstrates

the importance of modality-specific modeling and interactions between sequences of text

and tabular data in dynamic settings.

Fourth, in Chapter 5 [39], we study contextualized forecasting from sequences of

financial news articles. In this setting, the market impact of a given article depends

not only on its own content, but also on prior related events. We propose methods for

efficiently encoding and aligning historical context within a language model, addressing

key challenges in long-context modeling such as positional bias, the lost-in-the-middle

effect, and context overload. This work shows that targeted historical contextualization

improves language modeling of current news, generalizes to longer article histories at

inference time, and leads to more accurate forecasting and stronger simulated investment

performance.

Finally, in Chapter 6 [40], we study multimodal forecasting from mixed-frequency,

interleaved sequences of financial news and stock return time series. We propose a uni-
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fied, multimodal architecture and alignment framework with modality-specific expert

components that better capture the distinct statistical properties of text and time series

data, while enabling joint reasoning over temporally ordered multimodal inputs. We

demonstrate that parameter specialization for each modality mitigates negative transfer,

while the unified architecture and dynamic cross-modal alignment framework enables

more effective cross-modal learning. These gains translate to improvements in language

understanding, forecasting, and investment performance.

Collectively, these works represent significant progress towards developing effective

long-context and multimodal language models specialized for the distinctive structure of

financial data and forecasting tasks. Across diverse settings, we demonstrate that the

methods developed in this dissertation consistently enable language models to effectively

extract predictive signals from both textual and structured data, and that these model-

ing improvements lead to economically meaningful gains in forecasting and investment

performance.

7.2 Future Directions

My long-term research objective is to develop advanced AI systems that can per-

form complex financial reasoning, forecasting, and decision-making tasks at or exceeding

expert-level performance. The work in this dissertation represents significant progress

toward this goal by developing long-context and multimodal language models that can

effectively extract predictive signals from financial data. However, several important chal-

lenges remain. In particular, future systems must move beyond predictive modeling alone

toward models that can reason explicitly across modalities and optimize decision-making

directly. We highlight three promising directions for future research below.
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Chain-of-Thought Financial Reasoning First, the models developed in this disser-

tation are not explicitly trained to produce structured reasoning processes. Although they

demonstrate strong predictive performance, their reasoning remains implicit in hidden

representations rather than expressed through a sequence of interpretable intermediate

steps. Given the promise of Reinforcement Learning (RL) for training language models

to align human preferences [213] and solve complex math and coding problems [214], in-

cluding those that cannot be solved without the generation of thousands of intermediate

”thinking” tokens, this is a promising direction. More specifically, language models could

be trained to generate explicit reasoning traces that mirror financial analysis: decompos-

ing evidence from inputs, forming intermediate judgments about key drivers, and justi-

fying how these judgments support downstream forecasts. While supervised finetuning

from expert demonstrations can teach models to imitate human financial reasoning, such

approaches are limited by the quality, scale, and biases of the available demonstrations,

effectively imposing a ceiling on model performance. In contrast, learning from verifiable

outcomes through reinforcement learning offers an opportunity to surpass expert-level

performance by directly optimizing for task objectives. In particular, Reinforcement

Learning from Verifiable Rewards (RLVR) [214] provides a promising framework for fi-

nancial forecasting, where models can learn to generate and refine financial rationales

through market feedback, enabling the emergence of reasoning processes that are both

interpretable and directly optimized for forecasting performance.

Multimodal Latent Reasoning Second, while recent LLMs trained with RL have

shown strong reasoning capabilities in text-only settings, they often struggle to reason

over multimodal inputs, such as images, videos, and time series [215–217]. Recent work,

has shown that VLMs often fail to benefit from chain-of-thought reasoning and attribute

this limitation to the fact that the reasoning computation is performed in the textual
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token space rather than within modality-specific representation space. In particular, they

show that reasoning in the latent visual space yields improved performance [216, 217].

Our findings in [40] further highlight these limitations in the context of financial

reasoning. We observe that GPT-4o [211] performs better with text-only inputs than

with multimodal inputs that include time series data, suggesting that current LLMs

struggle to utilize structured numerical signals effectively. Moreover, while chain-of-

thought prompting improves the model’s ability to reason over textual inputs, it does

not lead to improvements in reasoning over time series data. These results suggest

that future financial reasoning models should not rely solely on textual reasoning traces.

Instead, they may need mechanisms for reasoning within modality-specific latent spaces,

where models can manipulate representations of time series, tabular data, and text before

integrating them into a unified forecast. This direction is particularly important for

the financial domain, where meaningful signals often emerge from interactions between

narrative events and noisy, temporally structured numerical data.

Decision-Aware Learning Third, the work in this dissertation primarily focuses on

forecasting key financial targets, such as asset returns, risk, and related quantities. In

modern investment management, these predictions are typically used as the primary in-

puts to a downstream portfolio construction process, where trading decisions are obtained

by solving an optimization problem, most commonly through mean-variance optimiza-

tion over expected returns, risk estimates, and transaction costs. Although this mod-

ular paradigm is effective and widely adopted in practice, it separates prediction from

decision-making, and therefore may fail to fully capture the interactions between these

components and deliver optimal outcomes.

In particular, forecasts of returns, risk, and transaction costs are inherently interde-

pendent, and modeling them independently may result in suboptimal decisions when inte-
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grated in a downstream optimization step. This motivates the development of decision-

aware learning approaches in which models are trained directly to optimize decision-

relevant objectives rather than intermediate prediction targets. In this paradigm, the

learning objective is aligned with the ultimate goal of the system, such as maximizing

risk-adjusted returns or portfolio utility.

This limitation has motivated some recent work that has begun to explore this direc-

tion. For example, [130] propose a deep learning framework that directly learns trading

strategies from stock-level features, optimizing model parameters through reinforcement

learning with rewards based on simulated portfolio returns. This class of approaches pro-

vides a promising direction for aligning model training with real-world objectives, and

has the potential to better capture complex interactions across assets and over time.

However, decision-aware learning in financial settings remains challenging. The port-

folio construction problem is inherently high-dimensional, involving a large number of

assets, constraints, and transaction costs, leading to a complex and likely non-convex

optimization landscape. In addition, the feedback signal is typically sparse, delayed, and

noisy, as portfolio performance is only realized over time and influenced by many exter-

nal factors. These properties make it difficult to train stable and generalizable models

with end-to-end approaches. Future work may therefore require reinforcement learning

frameworks tailored to financial environments, including methods for robust reward mod-

eling under noise and more precise credit assignment over long horizons with delayed and

stochastic feedback.

Ultimately, the development of decision-aware models that can integrate forecasting,

reasoning, and optimization into a unified learning framework would represent an impor-

tant step towards AI systems capable of making effective financial decisions at scale in

real-world environments.
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Appendix A

Long-Context Modeling of Earnings

Calls

A.1 Implementation Details and Training Process

We use Scikit-learn and XGBoost to develop the non-neural baseline models. We

develop all Transformer-based models in PyTorch and source all pretrained checkpoints

from HuggingFace.

For the BOW models, we remove stop words, create both unigrams and bigrams

from the resulting 50,000 most frequent phrases vocabulary, and apply Term Frequency-

Inverse Document Frequency weighting [TF-IDF; 71, 218] to create features. For the

CNN model, we initialize the word embeddings with pretrained weights from GLOVE

[100D; 219], select the 50,000 most frequent words as our vocabulary, and truncate all

transcripts after the first 12,000 words.

We perform all experiments on a single Tesla A100 GPU with 40GB in memory. We

use AdamW to optimize all parameters. We tune the hypeparamters of each neural model

by conducting a limited grid search over learning rates ∈ {5e− 6, 1e− 5, 5e− 5}, weight
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decay ∈ {1e − 4, 1e − 3, 1e − 2} and batch size ∈ {32, 64, 128}, based off validation set

accuracy score. For computational constraints, we train all models using FP16 precision

training, and apply gradient checkpointing to satisfy GPU memory constraints, and clip

gradient norms. It takes approximately 10 minutes per epoch of supervised finetuning for

the Hierarchical Transformer models and 15 minutes per epoch of training for BigBird

with block size of 64.

We conduct the MLM pretraining process for BigBird on the training set for a maxi-

mum of 10 epochs or until the MLM loss on the validation set increases. This pretraining

process takes multiple days of run time and indicates the difficulty of pretraining these

Efficient Transformers models on domain relevant text. We tune the block size over

{32, 64, 84} and the number of random blocks over {3, 4, 5}.
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Cross-Document Modeling of

Financial Reports

B.1 Data Curation

To extract the MDA section from the HTML files, we begin by searching for strings

that begin with ”Item 7: Management Discussion and Analysis” and conclude with ”Item

7A: Quantitative and Qualitative Disclosures”, as well as other variations of these pat-

terns in a refined and iterative process to achieve the best coverage. This process required

an extensive amount of text processing that was required to extract the relevant sections

required many different regular expressions, extensive trial-and-error, and a significant

amount of manual quality filtering. We next pair reports for companies based on their

fiscal calendar and reporting dates, allowing for delays and differences in publication

dates. Finally, we filter the section text for validity and quality, such as ensuring each

text has at least 500 words. We also choose focus on annual rather than quarterly reports

because their formatting is more standardized and consistent.
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B.2 Text-Based Baseline Models

We use Scikit-learn develop the BoW models. We apply the following text prepro-

cessing steps to create input features: remove stop words and rare words; create both

unigrams and bigrams; and apply Term Frequency-Inverse Document Frequency weight-

ing [TF-IDF; 71, 218].

We develop the neural models in PyTorch and source pretrained checkpoints from

HuggingFace. We perform several variations of the Longformer-Diff model over different

ways to measure sentence-sentence similarity, only reporting the configuration with the

best result on the validation set in Main Results for brevity, including Jaccard Similarity

and Cosine Similarity between SBERT pretrained sentence embeddings. We also vary

the cutoff threshold over {0.10, 0.25, 0.50, 0.75, 0.90} to define a sentence in the current

report that is sufficiently different from those in the previous report.

We use an Expanding training/validation window for the best performing model

(CDSA-FinDiffCSE + Expanding) to simulate a live trading setting in which we do

walk-forward prediction by expanding the training and validation set by 1-year as we

predict on the next year of the test set. For instance, when we make predictions on the

test set for 2018, we use training data from 2010-2016 and 2017 as validation data. We

only due this for the best performing model to provide a proof-of-concept because it is

too computationally expensive to do for all models.

B.2.1 Financial-Based Baseline Model

We select 10 commonly used market price and accounting-based financial variables

available at the time of the report from the literature [91], including dividend yield,

valuation, growth, profitability, medium-term price momentum, short-term price reversal,

volatility, leverage, liquidity, and size. This baseline is not intended to be comprehensive
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in including all possible relevant financial variables to the prediction task but rather to

serve as a reasonable baseline approximating common risk factor models employed in the

financial industry against which to reference and compare the value of text-based models.

There may be other relevant financial variables such as those source from the options or

corporate credit market to which we do not have access and is out of the scope of this

text-based focused work.

B.3 Training Details and Hyperparameter Tuning

All neural network-based experiments are performned on a single Tesla A100 GPU

with 40GB in memory and use AdamW to optimize all parameters. We tune the hy-

peparamters with a grid search over learning rates ∈ {3e − 5, 5e − 5, 7e − 5}, weight

decay ∈ {1e− 3, 1e− 2} and batch size ∈ {32, 64}, based off validation set performance.

We train all models for 10 epochs and select the best checkpoint based off validation set

performance for test evaluation. For computational constraints, we use mixed precision

training and gradient checkpointing to satisfy GPU memory constraints. It takes ap-

proximately 30 minutes per epoch of supervised finetuning for the sentence-level models

and 60 minutes per epoch for the document-encoder models.

B.4 DAPT Pretraining Details

We conduct the DAPT process for the document-level, Longformer backbone models

for a maximum of 25K training steps or until the loss on the validation set increases,

using the same hyperparameter configuration and settings as Caciularu et al. [85]. This

pretraining process takes multiple days of run time for each framework and indicates the

difficulty of pretraining these Efficient Transformers models on domain relevant text.
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We conduct the DAPT process for the sentence encoder with the DiffCSE framework

for a maximum of 100K training steps or until validation loss increases. For the Long-

former DAPT w/ Diffcse model, we use Longformer base as the fixed generator (masked

language model) model because there are no widely accepted distilled or smaller versions.

For both sentence and document encoders, we tune the RTD loss weight in the DiffCSE

objective over {0.01, 0.05, 0.10, 0.50} according to validation set performance. Please see

Chuang et al. [102] for more details on the framework.
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Multimodal Modeling of Paired Text

and Time Series

C.1 Portfolio Simulations

In Table 4.5, we demonstrate the economic value of our model predictions using port-

folio simulations. We form monthly long-short (market-neutral) quintile portfolios [34]

by sorting stocks based on (test set) model predictions from the most recently reported

quarter, and buying those in the top 20% and shorting those in the bottom 20% on a

monthly basis in equal proportions.

In Table 4.5, we report net portfolio performance that includes conservative esti-

mates of the impact of transactions costs on portfolio implementation. We follow the

turnover-based method used in Cong et al. [130], which conservatively estimates the

annual transaction cost as 0.01 times the annual 1-way portfolio turnover, to compute

net returns. Since the data is updated quarterly and the investment universe consists

of large, liquid US stocks, the proposed trading strategy is likely to have relatively low

turnover and incur very modest transaction costs.
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C.2 Data Curation

We merge all data across modalities to align with the quarterly fiscal period end

dates for each company. Therefore, for each Earnings Surprise forecast quarter date

(e.g. Q2 2020), we select data that was available within 5 business days of the end of

the previous quarter fiscal end date, including all financial variables, quarterly financial

reports, earnings conference calls, and macroeconomic data. Although some of this data

is available at a higher frequency than once a quarter, such as stock price-based financial

variables or monthly economic indicators, we only select the values of such data that were

available as of 5 business days after the last fiscal period end date. Thus, our predictions

are always made 3 months in advance of the earnings report date. We leave it to future

work to explore the value in updating the predictions at a higher frequency.

C.3 Pretrained Language Models

We develop all Transformer-based models in PyTorch and source all pretrained check-

points from HuggingFace.

C.4 Textual Feature Extraction

We include pretrained financial sentiment classifier FinBERT-Sent + Linear [5]

applied at the sentence-level [91]:

FinBERT-Sent = #PositiveSentences - #NegativeSentences
#TotalSentences
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C.5 Firm Financial Variables

We select 15 commonly used market price and accounting-based financial variables

available at the time of the report date from the definitions and cluster classifications in

Swade et al. [123]. This set includes dividend yield (Value), earnings-to-price (Value),

sales-to-price (Value), book value-to-price (Value), sales growth (Growth), earnings growth

(Growth), gross profit to assets (Profitability), net income to equity (Profitability), net

income to assets (Profitability), medium-term price momentum (Momentum), short-term

price reversal (Reversal), price volatility (Low Risk), market leverage (Debt Issuance),

share turnover (Low Risk), and market capitalization (Size). This set of variables is not

exhaustive but has been shown to span the set of principle components of firm charac-

teristics.

C.6 Training Details and Hyperparameter Tuning

We perform all experiments on a single Tesla A100 GPU with 40GB in memory. We

use AdamW to optimize all parameters. We conduct an extensive grid search over the

neural architecture of the time series encoder for each modality in isolation, including

number of layers {1, 2, 4, 6, 8, 10} and hidden sizes {16, 32, 64, 128, 256, 512}, as well as

learning rates {1e−5, 5e−4, 1e−4, 5e−3, 1e−3, 5e−3} and batch sizes {32, 64, 128, 256}.

We train all models for 20 epochs and select the best checkpoint based off validation

set performance for test evaluation. For computational constraints, we train all models

using mixed precision training, and apply gradient checkpointing to satisfy GPU memory

constraints, and clip gradient norms.
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C.7 MT-DA Pretraining Details

We conduct the MT-DA pretraining process for the document-level, BigBird backbone

models for a maximum of 25K training steps or until the loss on the validation set in-

creases, using the same hyperparameter configuration and settings as Chuang et al. [102].

This pretraining process takes multiple days of run time for each framework and indicates

the difficulty of pretraining these Efficient Transformers models on domain relevant text.

We adapt the DiffCSE objective to the long context BigBird model by prepending and

assigning global attention to the original document embedding in the RTD objective to

encourage the model to use that information to predict the replaced tokens, resulting in

more fine-grained document representations. We conduct this pretraining process over a

pooled corpus of in-domain ECTs and QFRs that occur during the training date period

for a total of 25K training steps. We use pretrained checkpoint of BigBird-base as the

fixed generator (masked language model) model because there are no widely accepted

distilled or smaller versions. We tune the tradeoff between the LC-MLM and LC-DiffCSE

loss weight in the multitask DA objective over {0.1, 0.25, 0.5, 0.75, 0.90} according to val-

idation set performance. Please see Chuang et al. [102] for more details on the DiffCSE

framework.
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Appendix D

Context-Aware Modeling of

Financial News

D.1 Portfolio Simulations

In Table 5.6, we demonstrate the economic value of our model predictions using

portfolio simulations. In these results, all contextualization methods use Time as the

retrieval method (i.e. we retrieve the 5 most recent articles about the same company as

the historical context), except for the last row which uses our proposed hybrid retrieval

method to perform the context article selection.

First, we filter the investment universe of stocks according to sufficient liquidity re-

quirements to ensure feasibility of portfolio implementation, including a minimum market

capitalization of $250M and daily average value of shares traded of $1M.

Then, we form monthly long-short (market-neutral) quintile portfolios according to

Fama and French [34]. To do so, we sort stocks based on the average 30D model predic-

tions from news articles about companies in the past 1 month. We demean score values

by industry averages to remove any potential effect of industry bets or risks. Then our

133



Context-Aware Modeling of Financial News Chapter D

portfolios are formed by buying those in the top 20% of average scores and shorting those

in the bottom 20% of average scores on a monthly basis in equal proportions. Please

note that these portfolios are market-neutral and therefore have essentially no correlation

with broad market indices.

In Table 5.6, we include conservative estimates of the impact of transactions costs

on portfolio implementation. We follow the turnover-based method used in Cong et al.

[130], which conservatively estimates the annual transaction cost as 0.01 times the annual

1-way portfolio turnover.

D.2 Fama-French 6-Factor Model (FF-6)

We use the Fama-French 6-Factor model [177], which consists of 6 financial factors,

including size, beta, value, momentum, profitability, and investment, to make predictions

of stock returns by estimating the linear regression model over the 10 years prior to the

start of the simulation (Jan 2007 - Dec 2016) using monthly stock returns. We use the

estimated model to make forward stock return predictions using these 6 financial factors

on a monthly basis. Then, we form long-short quintile portfolios based on the monthly

predictions [34].

D.3 Data Curation

Since FactSet StreetAccount uses human curation to only provide relevant, market-

moving news in the newsfeed, we do not perform any additional steps to filter the data

for impactful news.

Following Chen et al. [144], if the news article was published after market open (9:30

am), then we consider the news article to be published the next trading day. We only
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include articles originally written in English according to the following criteria [144]:

they are tagged relevant for only one company; they are longer than 100 characters or

shorter than 10,000 characters; they contain less than 10% of numerical characters; they

have less than 90% Jaccard similarity to a previous article (to remove potential duplicate

articles). We require that each main article possess at least 5 historical articles about

the same company within the past year as well as available stock returns.

There is a slight class imbalance so we randomly downsample the majority class to

ensure balanced class ratios. All models are optimized using Binary Cross-Entropy as

the loss function.

D.4 Pretrained Language Models

We develop all Transformer-based models in PyTorch and source all pretrained check-

points from HuggingFace.

D.5 Prefix Summary Context

In the Prefix Summary Context (PSC) method, we tune the number of attention

heads in the alignment module (AM) over {2, 4, 8, 16} and the number of summary

embeddings per historical context article over {1, 2, 5, 10} according to validation set

performance.

D.6 Architecture Ablations

In Table D.1, we ablate the choice of the alignment module between the representation

space of the context summarizer and large LM, including both a Linear projection
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and also a fully connected MLP network. We find that the use of the cross-attention

mechanism in the alignment module to be important for convergence, particularly for

direct finetuning without CALM pretraining. We conjecture that this effectively forces

the resulting attention output to be within the convex hull spanned by the large model’s

token embeddings, and suspect that this makes them more likely to be in-distribution and

thus receive attention weight. We expect this improvement to be more pronounced when

using common parameter efficient finetuning methods that do not update the LMs token

embeddings, not allowing them to adapt distributions to the new prefix. The challenges of

direct finetuning from continuous prompts [220] and different modality spaces [136, 138]

have been confirmed in the literature, which consequently use a staged training approach.

Alignment Method 30D AUC

Linear 57.50
MLP 57.37

Proposed-CMA 58.33

Linear + CALM 58.29
MLP + CALM 58.67

Proposed-CMA + CALM 59.12

Table D.1: Results indicate the 30D AUC performance of different alignment methods
between the output of the context summarizer and the input embeddings of the large
LM with and without CALM pretraining.

D.7 Pretrained Baselines

We include pretrained financial sentiment classifier FinBERT-Sent + Linear [5]

applied at the sentence-level [91]:

FinBERT-Sent = #PositiveSentences - #NegativeSentences
#TotalSentences

To be consistent across all text embedding models, we apply mean pooling at the
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token-level to aggregate contextualized token representations to the sequence level.

For some baseline models in which additional inputs or modalities are incorporated,

such as proprietary sentiment scores or stock price time series, we do not include these

additional inputs (and we do not have access to them) in the model in order to present

a fair comparison of model types and isolate the effects of historical contextualization.

D.8 Prompting

For the zero-shot Llama-3-8B and Llama-3-70B baselines, we have explored a variety

of prompting strategies, listed below. We do not find much variation in the performance

of each, but find (1) developed by Lopez-Lira and Tang [146], to perform best according

to the validation set and report those results in Table 5.2.

(1) Forget all your previous instructions. Pretend you are a

financial expert. You are a financial expert with stock

recommendation experience. Answer "YES" if good news, "NO" if

bad news in the first line. Then elaborate with one short and

concise sentence on the next line. Is this news article good or

bad for the stock price of {company name} in the next {time

horizon} days? Article: {news article}

(2) Classify the following financial news article(s) as ’Positive’ if

it will lead to a positive stock return in the next {time horizon}

days and ’Negative’ if it will lead to a negative stock return in

the following {time horizon} days. Please only respond with

’Positive’ or ’Negative’: {news article}.

(3) Predict if the following financial news article is ’Positive’ if

it will cause a positive stock return in the next {time horizon}
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days and ’Negative’ if it will cause a negative stock return in

the following {time horizon} days. Please only respond with

’Positive’ or ’Negative’: {news article}.

(4) You are a financial analyst with expertise in market reactions.

Based on the following news article(s), predict the likelihood of

a positive stock return for {company name} in the next {time

horizon} days. Respond with a probability between 0% and 100%.

Article: {news article}.

For each prompt response (except for #4), we extract the softmax probabilities for the

two corresponding positive and negative tokens and re-normalize to arrive at a continuous

score. If historical context is provided, then the historical news articles are prepended to

the main article.

D.9 Statistical Significance

In Table 5.2, we report the standard deviation of results across 3 different training

runs with different random seeds. The variability of results from the random seeds

results from the randomness in the training process caused by random initialization of the

classification layer weights and the random order of training samples during stochastic

gradient descent optimization. We also report the results from the Wilcoxon Signed-

Rank test, which is a pairwise test of statistical significance conducted with bootstrapped

samples from the test set.

138



Context-Aware Modeling of Financial News Chapter D

D.10 Hierarchical Encoding

For the hierarchical approach, we select a randomly-initialized, causal Transformer

to globally contextualize the local (article-level) token representations. We apply mean

pooling across the token embeddings of the most recent article at. We tune the number

of layers ∈ {2, 4, 8} and the number of attentions head ∈ {2, 4, 8} according to validation

set performance.

D.11 Retrieval Models

For Instructor embedding models [175] for context retrieval, we use the following

prompt: ”Represent the financial news article for retrieval: {news article}”. We use the

instructor-base to ensure similar parameter counts across retrieval models.

For FinSim, we conduct the DiffCSE-Domain pretraining process over the training

data for a maximum of 25K training steps or until the loss on the validation set in-

creases, using the same hyperparameter configuration and settings as Chuang et al.

[102]. We initialize the model from the pretrained checkpoint of DeBERTa-base and

additionally use that as the fixed generator (masked language model) model. We tune

the tradeoff between the contrastive and replaced token detection (RTD) objective over

{0.10, 0.25, 0.50, 0.75, 0.90} according to validation set performance. Please see Chuang

et al. [102] for more details on the framework.

For TimeFinSim, we use the time distance from the historical news article date to

the main article date to apply an exponential decay (half-life = 180 days) to the FinSim

similarity score to capture both the similarity and timeliness of the historical context.

Given main article a, historical context c, time elapsed t, and half-life H:

TimeFinSim(a, c, t) = FinSim(a, c) · e−
ln(2)
H

t
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D.12 Training Details and Hyperparameter Tuning

We perform all experiments on a single Tesla A100 GPU with 80G in memory. We

use AdamW to optimize all parameters. For all finetuned models, we use an effective

batch size of 32 with gradient accumulation. We train all models for up to 5 epochs with

early stopping based off validation set performance for test evaluation.

For long-context models based on Mistral-7B, we finetune with low-rank adapters

(LoRA) [165]. We tune the learning rate over {1e-6, 3e-6, 5e-6, 7e-6, 1e-5} and LoRA

rank parameter over r ∈ {16, 32, 64} according to validation set performance. We apply

LoRA adapters to all linear layers of the base model.

In all main baselines, based on Mistral-7B, we apply mean pooling across the hidden

states of the main article tokens, which is then passed to a classification layer to make a

binary prediction.

For computational constraints, we train all models using mixed precision training and

gradient checkpointing to satisfy GPU memory constraints, and clip gradient norms. For

DeBERTa-based models, we finetune in FP16 precision, while we use BF16 for Mistral-

based models. For LoRA-based finetuning, we always set the value of the alpha parameter

to be equal to double the value of rank parameter.
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Multimodal Modeling of Interleaved

Text and Time Series

E.1 Pretrained Language Models

We implement all models in PyTorch and source all pretrained checkpoints from

HuggingFace.

E.2 Baseline Models

For our proposed model (MSE-ITT), for supervised classification, we train a classi-

fication head on top of the end-of-sequence token’s last hidden representations to make

binary predictions.

For some baseline models in which additional inputs or modalities are incorporated,

such as proprietary sentiment scores [189], we do not include these additional inputs

(and we do not have access to them) in the model in order to present a fair comparison

of model types and isolate the effects of multimodal fusion between sequences of text
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and time series. Some baseline models [187–189] explore the use of various LLMs for

textual encoding. In such cases, we select the LM with the best reported performance for

evaluation. For models that patch the time series input into non-overlapping consecutive

chunks [30, 206], if the patch length used is not provided in the implementation details,

then we tune the value over {1, 5, 10} based on validation set performance. Further, for

some multivariate time series baseline models that require a one-to-one mapping between

text and time series inputs across time steps [38, 188], if there are no news articles on

a given time step, then we simply carry forward the previous news article (embeddings)

until the next news article (embeddings) are available. Additionally, in the MAT baseline

[207], the authors do not report the number of topics or the base pretrained LM used in

BERTTopic [221], so we resort to using the hidden representations produced from their

sentiment model FinBERT [5] as text features. Further, for the FinMA [145] baseline,

we provide the text and time series sequences in the same format as for GPT-4o §E.5,

such that the time series is converted to raw text and interleaved between news articles

in temporal order.

For our proposed model, we use learnable special tokens to denote the beginning and

end of each news article and modality [85], and include the article timestamp in the

article text.

E.3 Portfolio Simulations

In Table 6.6, we demonstrate the economic value of our model predictions using

portfolio simulations.

To perform these simulations in a realistic setting, we first filter the investment uni-

verse of stocks according to sufficient liquidity requirements to ensure feasibility of port-

folio implementation, including a minimum market capitalization of $250M and daily
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average value of shares traded of $1M.

Then, we form monthly long-short (market-neutral) quintile portfolios according to

Fama and French [34]. To this end, we sort stocks based on the average 30D model

predictions from news articles about companies in the past 1 month. Then our portfolios

are formed by buying those in the top 20% of average scores and shorting those in the

bottom 20% of average scores on a monthly basis in equal proportions. Please note that

these portfolios are market-neutral and therefore have essentially no correlation with

broad market indices.

In Table 6.6, we include conservative estimates of the impact of transactions costs

on portfolio implementation. We follow the turnover-based method used in Cong et al.

[130], which conservatively estimates the annual transaction cost as 0.01 times the annual

1-way portfolio turnover. Therefore, the net return of the portfolio is the gross return

minus the estimated transaction costs.

E.4 Data Curation

The FNSPID dataset spans multiple news sources, including Nasdaq, Reuters, CNBC,

Benzinga, and cover a variety of company events, including product launches, earnings

reports, and mergers. We truncate each article after the first 128 words during all ex-

periments for computational efficiency. We only include articles originally written in

English according to the following criteria [144]: they are tagged relevant for only one

company; they are longer than 100 characters or shorter than 10,000 characters; they

contain less than 10% of numerical characters; they have less than 90% Jaccard similar-

ity to a previous article (to remove potential duplicate articles). We require that each

company possess at least 5 news articles within the past year as well as available stock

returns to be in our sample. In addition, we apply further quality filtering to ensure that
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the dataset contains high-quality, event-driven news articles that are specific to individ-

ual stocks. We systematically remove broad market summaries, sector-level reports, and

generic financial commentary by filtering out headlines containing specific keywords and

patterns. This process allows us to isolate stock-specific events. There is a slight class

imbalance so we randomly downsample the majority class to ensure balanced class ratios.

E.5 Zero-Shot LLMs

For the zero-shot GPT-4o baselines, we have explored a variety of prompting strate-

gies, listed below. For this set of baselines, the time series inputs are converted to text

strings and we tune their form {decimal, percentage}, digits of precision {2, 3, 4}, and

whether to include a space in between digits, with validation set performance [184, 185].

We do not find much variation in the performance of each, but tune them according to

the validation set and report those results in Table 6.2.

To this end, we construct a natural language prompt that interleaves company-specific

financial news with daily stock return sequences in chronological order. The model is

tasked with predicting future price movement on a bounded scale.

Each prompt follows the format:

Given the company’s daily stock return over the last year

interleaved in temporal order with recent news about the company,

sorted chronologically:

{interleaved input}

Predict the company’s future stock price movement over the next

{horizon} days, on a scale from 0 to 100, where 100 indicates strong

positive movement and 0 indicates strong negative movement.

{prompt style}
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Prediction:

The field {interleaved input} contains alternating sequences of news articles and

their corresponding stock returns (e.g., News Article: ... Stock Returns: ...).

The field {prompt style} controls the reasoning strategy used by the model and takes

one of two forms:

• Direct: The model immediately outputs a prediction.

• Chain-of-Thought (CoT): The model is instructed to “think step-by-step” before

producing a prediction, following recent findings that CoT improves LLM reasoning

over time series data [205].

This design enables a uniform comparison of reasoning strategies across interleaved

multimodal inputs, without any task-specific fine-tuning.

E.6 Statistical Significance

In Table 6.2, we report the sample standard deviation of results for our proposed

method across 3 different training runs with different random seeds. The variability of

results across random seeds stems from the randomness in the training process caused

by random initialization of the classification layer weights and the random batch order

of training samples during stochastic gradient descent optimization. We also report the

results from DeLong’s pairwise test of statistical significance between model AUC scores

[222].
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E.7 Time Series Discretization

For time-series discretization, we tune the number of discrete time-series bins B ∈

{4, 8, 16, 32, 64} and their embedding dimension dts ∈ {32, 64, 128, 256, 512}. To map the

time-series embeddings into the token embedding space of the LM, we learn a simple

linear map to increase dimensionality from dts to dtext.

In Table E.1, we compare our discretization approach to alternative continuous em-

bedding methods. While the benefits of discretization are indeed modest and clearly not

the primary source of our performance gains, they dramatically simplify and unify the

interleaved multimodal (SALMON) pretraining objective. By converting all tokens, re-

gardless of modality, to a common discrete space, we can apply a consistent cross-entropy

loss to all discrete tokens, without inducing a complex multitask setup that requires care-

ful calibration of continuous and discrete loss terms. In the continuous setting, we tune

the weight on the TS (Mean Squared Error) loss over wts ∈ {0, 10, 100, 1000} according

to validation set performance.

Method LM Loss 7D 30D

Discrete 1.78 57.94 58.48
Linear 1.83 57.54 58.10
MLP 1.83 57.62 58.13

Table E.1: Results demonstrate the value of time series discretization in our multi-
modal architecture in both language understanding (LM Loss) and financial forecast-
ing (7D, 30D) performance, compared to baselines that use continuous embeddings
via linear and nonlinear transformations. These results include SALMON pretraining.

E.8 Training Details and Hyperparameter Tuning

We perform all experiments on a single NVIDIA H100 GPU with 80G in memory.

We use AdamW to optimize all parameters. For all finetuned models, we use an effective
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batch size of 64 with gradient accumulation. We train all models for up to 5 epochs based

on validation set performance for test evaluation. All supervised models are optimized

using Binary Cross-Entropy as the loss function.

We tune the learning rate over {1e-6, 3e-6, 5e-6, 7e-6, 1e-5} and LoRA [165] rank

parameter over r ∈ {16, 32, 64} according to validation set performance. We apply LoRA

adapters to all linear layers. We use a simple 2-layer MLP classification layer to project

the token hidden states to make a binary prediction for all language models used.

For computational constraints, we train all models using mixed precision training

and gradient checkpointing to satisfy GPU memory constraints, and clip gradient norms.

For Llama-based models, we finetune in BF16 precision. For LoRA-based finetuning,

we always set the value of the alpha parameter to be equal to double the value of rank

parameter.

E.9 Multivariate Time Series

In this section, we demonstrate that our MSE-ITT model architecture can support

numerical time series with multiple channels.

To this end, we select 15 commonly used market price and accounting-based finan-

cial variables available at the time of the report date from the definitions and cluster

classifications in Swade et al. [123]. This set includes dividend yield (Value), earnings-to-

price (Value), sales-to-price (Value), book value-to-price (Value), sales growth (Growth),

earnings growth (Growth), gross profit to assets (Profitability), net income to equity

(Profitability), net income to assets (Profitability), medium-term price momentum (Mo-

mentum), short-term price reversal (Reversal), price volatility (Low Risk), market lever-

age (Debt Issuance), share turnover (Low Risk), and market capitalization (Size).

Since some variables have different frequencies, ranging from daily to quarterly, we
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up-sample them all to daily frequency by forward-filling previous values.

We fit different discretized embeddings for each channel following our approach in

§6.4. After this, we simply concatenate their embeddings together vertically at a daily

frequency and similarly interleave with the news articles according to timestamp. To

extend our SALMON pretraining objective to the multivariate setting, we learn a separate

output projection head for each channel and compute the discretized token for each

channel independently and average the loss across channels.

Method LM Loss 30D

Univariate – 57.14
Univariate w/ SALMON 1.78 58.48

Multivariate – 58.45
Multivariate w/ SALMON 1.74 59.89

Table E.2: Results indicate the performance of our MSE-ITT multimodal architecture
when extended to the multivariate setting in both language understanding (LM Loss)
and financial forecasting (30D) performance.
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