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Abstract001

Predicting corporate earnings surprises is a002
profitable yet challenging task, as accurate fore-003
casts can inform significant investment deci-004
sions. However, progress in this domain has005
been constrained by a reliance on expensive,006
proprietary, and text-only data, limiting the de-007
velopment of advanced models. To address008
this gap, we introduce FinCall-Surprise (Fi-009
nancial Conference Call for Earning Surprise010
Prediction), the first large-scale, open-source,011
and multi-modal dataset for earnings surprise012
prediction. Comprising 2,688 unique corpo-013
rate conference calls from 2019 to 2021, our014
dataset features word-to-word conference call015
textual transcripts, full audio recordings, and016
corresponding presentation slides. We estab-017
lish a comprehensive benchmark by evaluat-018
ing 26 state-of-the-art unimodal and multi-019
modal LLMs. Our findings reveal that (1)020
while many models achieve high accuracy,021
this performance is often an illusion caused022
by significant class imbalance in the real-023
world data. (2) Some specialized financial024
models demonstrate unexpected weaknesses025
in instruction-following and language gener-026
ation. (3) Although incorporating audio and027
visual modalities provides some performance028
gains, current models still struggle to lever-029
age these signals effectively. These results030
highlight critical limitations in the financial031
reasoning capabilities of existing LLMs and032
establish a challenging new baseline for fu-033
ture research. The FinCall-Surprise dataset034
is available at https://anonymous.4open.035
science/r/FinCall-Surprise-F212.036

1 Introduction037

In the finance domain, a conference call, often re-038

ferred to as an earnings call, serves as a critical039

communication channel between the management040

of a public company and its stakeholders, includ-041

ing analysts, investors, and the media (Kimbrough,042

2005). During these calls, executives present the043

firm’s financial results, discuss recent performance, 044

and provide forward-looking guidance. Analysts 045

and investors closely analyze this information to 046

predict their expectations of the company’s earn- 047

ings per share (EPS) (Patell, 1976). An earnings 048

surprise occurs when the company’s reported EPS 049

differs from market expectations (Latane and Jones, 050

1979). Historically, a positive earnings surprise, 051

where actual earnings exceed the reported EPS, of- 052

ten correlates with a subsequent increase in the 053

company’s stock price, while a negative surprise 054

typically leads to a decline. Therefore, the ability 055

to accurately predict an earnings surprise ahead of 056

the official announcement is a significant challenge 057

and an opportunity for investors seeking to inform 058

their trading decisions (Skinner and Sloan, 2002). 059

Given the potential financial rewards, re- 060

searchers and investors have long sought to system- 061

atically analyze conference calls to predict earn- 062

ings surprises. This pursuit began with traditional 063

machine learning models (Dhar and Chou, 2001; 064

Doyle et al., 2006; Bissessur and Veenman, 2016), 065

and has recently shifted attention toward large lan- 066

guage models (LLMs) (Zhang et al., 2025; Zhang 067

and He, 2025; Zhu et al., 2025; Liang and Car- 068

rasco Kind, 2025). However, while the perfor- 069

mance of these models is often impressive, their 070

capabilities are inherently constrained by a fun- 071

damental limitation, which is the unimodal and 072

text-only nature of the datasets they are trained 073

on. In reality, human analysts do not just analyze 074

what executives say, but also how they say it. The 075

vocal tone and rhythm of a speaker can reveal confi- 076

dence or uncertainty that is lost in a plain transcript. 077

Similarly, visual information, such as presentation 078

slides, provides an essential context that is often 079

referenced during the discussion. 080

To address this critical gap, we introduce 081

FinCall-Surprise, a novel, large-scale, multi- 082

modal dataset specifically designed for the task 083

of earnings surprise prediction. The dataset is com- 084

1

https://anonymous.4open.science/r/FinCall-Surprise-F212
https://anonymous.4open.science/r/FinCall-Surprise-F212
https://anonymous.4open.science/r/FinCall-Surprise-F212


posed of 2,688 unique corporate conference calls085

spanning from 2019 to 2021, with 919 calls from086

2019, 704 from 2020, and 1,065 from 2021. Most087

importantly, each call in the dataset is complete,088

containing three synchronized modalities: 1) the089

word-to-word textual transcript, 2) the full audio090

recording of the call, and 3) the corresponding pre-091

sentation slides referenced by executives. With the092

introduction of this dataset, our primary contribu-093

tions are as follows:094

• We present FinCall-Surprise, the first large-scale,095

multi-modality dataset focused on real-world cor-096

porate earnings calls, providing a rich resource097

for developing and evaluating earning surprise098

prediction models.099

• We establish a comprehensive benchmark by100

evaluating more than 20 state-of-the-art unimodal101

and multi-modal LLMs.102

• Our benchmarking findings reveal that current103

models struggle to effectively leverage the multi-104

modal signals for this task, establishing a chal-105

lenging baseline and highlighting the need for106

more sophisticated architectures.107

2 Related Work108

2.1 Earning Surprise Prediction Models109

The use of AI in predicting earnings surprises has110

a long history that began with traditional statisti-111

cal and econometric models. In early foundational112

research, researchers like Numbers (1968) relied113

on simple models such as linear regressions. A114

pivotal shift occurred when Ou and Penman (1989)115

used a broader set of financial statement data with116

a logit model to predict the direction of earnings,117

foreshadowing the machine learning era. From118

approximately 2000 to 2015, classic machine learn-119

ing models like SVMs, Random Forests, and Gra-120

dient Boosting took center stage (Dhar and Chou,121

2001; Skinner and Sloan, 2002; Zolotoy, 2012).122

Their key advantage was the ability to analyze hun-123

dreds of financial variables simultaneously, captur-124

ing complex, non-linear relationships that eluded125

older methods. The period after 2015 saw the rise126

of deep learning, particularly RNNs and LSTMs,127

which introduced unstructured text as a new and128

powerful data source (Vargas et al., 2017; Meur-129

sault et al., 2023; Zhu, 2020; Sawhney et al., 2020).130

The contemporary approach to earnings surprise131

prediction is dominated by LLMs, which represent132

a revolutionary leap in analytical capability. Re- 133

searchers began feeding models text from confer- 134

ence call transcripts and financial reports to extract 135

sentiment and forward-looking statements (Koval 136

et al., 2023). Since LLMs can possess a deep and 137

nuanced understanding of financial jargon and con- 138

text, they can dissect conference call transcripts, 139

press releases, and news with unprecedented ac- 140

curacy (Araci, 2019; Kim et al., 2024; Lee et al., 141

2025). However, due to the lack of high-quality 142

multimodal conference call datasets, models for 143

earnings surprise prediction have not yet reached 144

the multimodal level. 145

2.2 Earning Surprise Prediction Datasets 146

Due to the high value and sensitivity of cor- 147

porate financial data, most resources are stored 148

within major commercial platforms such as WRDS, 149

Bloomberg, and Refinitiv, which require paid sub- 150

scriptions or API access. Despite this barrier, there 151

has been steady progress in developing open-source 152

financial datasets, each typically targeting narrower 153

and more specialized tasks in the finance domain 154

to advance AI research in this field. For instance, 155

datasets such as (Chen et al., 2021, 2024; Zhu et al., 156

2021; Lai et al., 2024; Reddy et al., 2024; Yuan 157

et al., 2024) focus on question answering over fi- 158

nancial reports. Other datasets have been devel- 159

oped for stock market prediction (Dong et al., 2024; 160

Rao, 2021; Patel, 2021; Qin and Yang, 2019), fraud 161

detection (Feng et al., 2023), sentiment analysis 162

(Borhani, 2024; Cortis et al., 2017), and misinfor- 163

mation classification (Rangapur et al., 2025). More 164

recent efforts have extended financial datasets into 165

the multimodal space, motivated by both the lim- 166

itations of single-modality data and the growing 167

capabilities of LLMs to understand information be- 168

yond text (Li et al., 2020; Shu et al., 2025; Luo 169

et al., 2025). 170

Earnings surprise prediction has recently gained 171

increasing attention in the context of LLMs, with 172

several studies proposing new methods to improve 173

performance on this task (Zhu et al., 2025; Zhang 174

et al., 2025). However, relatively few works have 175

focused on dataset construction. Early efforts such 176

as Koval et al. (2023, 2024) introduced conference 177

call transcript datasets for this purpose, but these 178

resources are not fully open source, limiting their 179

accessibility and impact. Consequently, many cur- 180

rent studies continue to depend on expensive com- 181

mercial data providers, often accessing conference 182

call content through paid APIs (Heater et al., 2025; 183
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Figure 1: Overview of our data construction pipeline, which consists of two stages: (a) Firm Collection (left): We
select large, publicly traded US firms based on market capitalization (> $1B) and daily trading volume (> $50M).
(b) Data Collection (right): For each firm, we gather and synchronize three modalities for each quarterly earnings
call: textual transcripts from Seeking Alpha, audio recordings from EarningsCast, and presentation slides from
sources like Bloomberg Business.

Alsabah, 2025; Zhang and He, 2025).184

Our proposed FinCall-Surprise dataset addresses185

this challenge by introducing the first fully open-186

source, multi-modal conference call dataset specif-187

ically designed for earnings surprise prediction,188

covering the period from 2019 to 2021. Each data189

in our dataset provides synchronized modalities:190

the complete text transcript of the conference call,191

the full audio recording, and the accompanying192

presentation slides referenced by executives. By re-193

leasing this dataset, we aim to remove the reliance194

on commercial APIs and enable the research com-195

munity to explore earnings surprise prediction at a196

multimodal level, opening new directions for both197

financial NLP and multimodal learning.198

3 FinCall-Surprise Construction199

In this section, we detail the creation process for200

the FinCall-Surprise dataset.201

3.1 Data Construction Pipeline202

The construction of FinCall-Surprise follows a203

comprehensive two-stage pipeline designed to col-204

lect, synchronize, and annotate data from multiple205

sources. Our objective is to build a robust bench-206

mark that integrates the textual, auditory, and vi-207

sual dimensions of corporate conference calls. As208

illustrated in Figure 1, the first stage involves as-209

sembling the universe of all publicly traded firms210

in the United States with substantial size and liq-211

uidity. To focus on economically significant firms,212

we restrict the sample to companies with market213

capitalizations exceeding $1 billion and average214

daily trading volumes above $50 million. This ini-215

tial firm collection yielded an initial pool of more216

than 4,000 unique companies. 217

In the second stage, we acquire the three dis- 218

tinct modalities for each firm’s earnings conference 219

calls. For textual transcripts, we systematically 220

web scrape content from established financial plat- 221

forms, primarily Seeking Alpha1. These transcripts 222

are well structured, containing both speaker iden- 223

tifiers (operators, executives and analysts) and the 224

corresponding speech content. For the auditory 225

component, we web scrape the associated audio 226

recordings from EarningsCast2. Finally, we con- 227

struct a dataset of corporate presentation slides by 228

collecting files from multiple sources, including 229

Bloomberg News and company websites. Most 230

publicly traded firms host one conference call per 231

fiscal quarter. To ensure temporal consistency 232

across modalities, we align all data sources by 233

quarterly reporting periods. In addition, we use 234

the conference call titles to cross-check and verify 235

that the transcript, audio recording, and presenta- 236

tion slides correspond to the same event, ensuring 237

that our multi-modal dataset is accurately matched 238

at the event level. 239

3.2 Earning Surprise Label Preliminaries 240

Before classifying each conference call label as 241

positive or negative, we first collected the reported 242

Earnings Per Share (EPS) and the analyst consen- 243

sus EPS forecasts from the IBES database. Fol- 244

lowing Latane and Jones (1979), we measure the 245

earnings surprise (ES) using the Standardized Un- 246

expected Earnings (SUE), defined as the difference 247

between the reported EPS and the analyst consen- 248

1https://seekingalpha.com/
2https://earningscast.com/
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Transcript (words) Slide (pages) Audio (sec) Label (Percentage)

Year Mini Max Avg. Mini Max Avg. Mini Max Avg. Positive Negative Total

2019 905 57,485 8,634.66 1 156 26.05 1096.07 8870.97 3642.66 0.79 0.21 919
2020 865 46,623 8,925.10 1 170 27.80 1404.06 7585.31 3859.25 0.86 0.14 704
2021 752 45,632 8,646.77 1 113 27.46 1197.95 11938.90 3720.29 0.89 0.11 1065

Table 1: Data statistics of the FinCall-Surprise. The dataset spans three years (2019–2021), with each conference
call containing three synchronized modalities: text transcripts, presentation slides, and audio recordings. We report
the minimum, maximum, and average values for each modality. Transcript length is measured in words, slides in
pages, and audio in seconds. For labels, we present the percentage distribution of positive and negative classes. The
last column shows how much data we have for each year.

sus estimate, scaled by the standard deviation of249

analyst forecasts. The consensus estimate is calcu-250

lated as the mean of the most recent valid analyst251

forecasts issued within one month after the confer-252

ence call, allowing analysts to revise their expec-253

tations based on the call content and recent finan-254

cial disclosures. This design provides a forward-255

looking measure of market expectations and yields256

a more realistic, yet challenging, prediction task.257

The average time span between the input transcript258

and the target earnings event is about three months,259

further highlighting the difficulty of the task.260

ES =
EPSreported −Avg(EPSestimated)

Std(EPSestimated)
(1)261

262

y =

{
0, ES ≤ −δ

1, ES ≥ δ
(2)263

We convert the continuous earnings surprise (ES)264

into a binary classification task by assigning a label265

of Positive (+1) when ES > δ and Negative (0)266

when ES < −δ, where δ = 0.50. This thresh-267

old follows prior studies on standardized unex-268

pected earnings (Eli Bartov, 1992) and price mo-269

mentum (Luo et al., 2022), which classify earnings270

surprises as large when |SUE| ≥ 0.5. The cho-271

sen cutoff balances sample size with event signifi-272

cance. Observations with immaterial surprises (i.e.,273

ES ∈ [−0.50, 0.50]) are excluded, as these near-274

zero values typically elicit weak market responses275

and may reflect earnings management. Although276

ES is continuous, market reactions are largely bi-277

nary, responding more to the direction than to the278

magnitude of the surprise. We therefore focus on279

material surprises that are more likely to influence280

investor behavior and asset pricing.281

3.3 Data Analysis282

A detailed statistical analysis of our dataset is pre-283

sented in Table 1. The statistics highlight the sub-284

stantial scale and complexity of the data across285

all three modalities. On average, the textual tran- 286

scripts for each conference call contain approxi- 287

mately 8,600 words. The accompanying presen- 288

tation slides average 27 pages in length. Finally, 289

the audio recordings have an average duration of 290

approximately 3,700 seconds. Each data point in 291

our dataset is annotated with a binary label indicat- 292

ing either a positive or negative earnings surprise. 293

As shown in the last column, the distribution of 294

labels is highly imbalanced, with the proportion 295

of positive labels significantly exceeding that of 296

negative labels. This imbalance is unavoidable, 297

since our dataset is constructed from real-world 298

financial data, where positive earnings surprises 299

occur more frequently. The content of the confer- 300

ence calls is consistently structured around three 301

primary speaker roles: Operators, Executives, and 302

Analysts. An example is provided in Figure 2. The 303

Operator typically opens and closes the call. The 304

Executives, including chief members such as the 305

CEO and CFO, present the company’s financial 306

results and strategic outlook. Finally, the Analysts, 307

representing investment firms and financial insti- 308

tutions, pose questions to the executives to gain 309

deeper insights into the company’s performance. 310

4 Benchmark Setting 311

4.1 Baseline LLMs 312

To establish a comprehensive performance bench- 313

mark for FinCall-Surprise, we selected a diverse 314

set of 26 state-of-the-art, open- and close-source 315

models. For a structured analysis, these models 316

were categorized into four distinct groups. 317

The first group consists of general purpose uni- 318

modal models, which process text-only inputs, and 319

includes GPT-oss-20B (OpenAI, 2025), Qwen-2.5- 320

14B (Team, 2024), Mistral-7B (Jiang et al., 2023), 321

LLaMa-3.2-3B (Grattafiori et al., 2024), Gemma- 322

3-1B (Team, 2025a). The second group con- 323
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Iterative Process

If total token count <= limit STOP else CONTINUE

Input:
Operator: Good day, everyone. Welcome to 
today's conference and webcast to discuss ....
Executives: Thank you, John. Good morning, 
everyone. This is a historic day for both ....
Analysts: Giovanni, I want to ask you where 
the cell therapy platform fits in your ....
Operator:  ...
Executives: ...
Analysts:  ...
...

Output:
Positive Surprise

Operator

Executives

Analysts

Long
Chunk 1

Long
Chunk 2
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LLM

Shorter
Chunk 1
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Replace

(a) Data Example (b) Summarization Pipeline

Figure 2: Illustration of our summarization pipeline. (a) A data example showing a conference call transcript with
speaker turns (Operator, Executives, Analysts) and its corresponding earning surprise label. (b) The summarization
pipeline, where transcripts are grouped by speaker and iteratively summarized by the LLM until the total token
count falls below the predefined limit.

sists of finance-specialized unimodal models fine-324

tuned for the financial domain, including Finance-325

LLaMa3-8B (Cheng et al., 2024), Finance-LLaMa-326

8B (tarun7r, 2025), Finance-R1 (KhazarAI, 2024),327

LLaMa-RAG (Liu et al., 2024). The third cate-328

gory features Vision-Language Models (VLMs),329

designed to process both images and text. For this330

group, we evaluated GPT-5, GPT-5-mini, GPT-5-331

nano, GPT-4.1, Mistral-3.1-24B (Jiang et al., 2023),332

Gemma-3-12B (Team, 2025a), LLaMa-3.2-11B333

(Grattafiori et al., 2024), Sa2VA-8B (Yuan et al.,334

2025), Qwen-2.5-VL-7B (Team, 2025b), Qwen-2-335

VL-7B (Wang et al., 2024), Cosmos-7B (Azzolini336

et al., 2025), and LLaVa-1.6-7B (Liu et al., 2023).337

Finally, we assessed audio-language models, which338

handle audio and text inputs, including Voxtral-339

24B (Liu et al., 2025), DeSTA-2.5-Audio-8B (Lu340

et al., 2025), Qwen-2.5-Omni-7B (Xu et al., 2025),341

Qwen-2-Audio-7B (Chu et al., 2024), Gemma-3n-342

E4B (Team, 2025a).343

4.2 Benchmark Input Design344

To systematically evaluate the performance of dif-345

ferent models, we designed a customized input and346

prompting strategy for each modality.347

Text-Only Modality. To ensure a fair evaluation348

across all baseline models, we standardized the in-349

put length to accommodate the smallest context350

window of 32K tokens. We set the threshold to351

31K, because we need to reserve some space for352

the instruction prompt. As approximately 20%353

of the transcripts in our dataset exceed this limit,354

we employed a targeted summarization strategy355

for these longer texts. Transcripts already under 356

the 31K token threshold were left unmodified. To 357

minimize information loss, we adopted a conser- 358

vative, iterative summarization process as shown 359

in Figure 2. First, each transcript is segmented 360

into chunks based on speaker type (e.g., Opera- 361

tor, Executive, Analyst). We then incrementally 362

summarize the chunks that are least critical to the 363

financial context, beginning with those from the 364

“Operator”. These sections typically contain pro- 365

cedural dialogue, such as call introductions and 366

closings, rather than useful financial discussion. 367

Every time a chunk is summarized, we recalcu- 368

late the total token count, and the iterative process 369

stops as soon as the transcript length falls below the 370

31K token threshold. If summarizing all “Operator” 371

chunks is insufficient, the iterative process contin- 372

ues with chunks from “Executives” and then “An- 373

alysts”. In practice, summarization usually stops 374

midway through this process, leaving the major- 375

ity of the transcript untouched and thus preserving 376

as much original information as possible. Finally, 377

the processed text was formatted into a single con- 378

catenated sequence for model input: “{Instruction} 379

{Text Transcript} {Answer Format}”. This struc- 380

ture provides the model with the complete verbal 381

context of the conference call. 382

For this summarization task, we utilized the BART- 383

Large-CNN model (Lewis et al., 2019), because it 384

is lightweight, reliable, and does not require a spe- 385

cific instruction prompt to function effectively. For 386

token number checking, we used “tiktoken” python 387

library. While summarization was a necessary step 388

for our experiments, we will release the original, 389
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full-length transcripts to support future research390

that may leverage models with larger context win-391

dows or more advanced summarization techniques.392

Image-Text Modality. Evaluating multi-modal393

models that accept text and images required a pre-394

processing step for the presentation slides, which395

were originally in PDF format. As most models do396

not support PDF inputs, we converted each page of397

a presentation into a separate image. To manage398

the image input limits common to these models, we399

developed a random sampling strategy. For each400

presentation, we randomly selected three images401

from the slide range, excluding the first and last402

pages, which typically contain non-substantive con-403

tent like title or closing. In cases where a presenta-404

tion had three or fewer content slides, all available405

slides were used. The final input for this modality406

was structured as: “{Images} {Instruction} {Text407

Transcript} {Answer Format}”. Note that although408

our benchmark experiment uses only three images,409

we still release the full PDF in our dataset.410

Audio-Text Modality. For models capable of411

processing audio, we intentionally omitted the text412

transcript from the input. Since the audio record-413

ing contains the same verbal information as the414

transcript, this approach isolates the model’s abil-415

ity to comprehend and reason based on auditory416

signals alone, such as speaker tone and inflection.417

The input was therefore constructed as: “{Audio}418

{Instruction} {Answer Format}”.419

Across all modalities, the prompt structure was420

designed to test both the model’s reasoning capa-421

bilities and its ability to follow instructions. We422

required the final answer to be placed in a specific,423

designated location within the output, which en-424

abled reliable parsing for our automated evaluation425

pipeline. Detailed examples of the prompts for426

each modality are provided in the Appendix A.427

4.3 Benchmark Metrics428

Since our benchmark involves only two possible429

outputs, accuracy naturally serves as a primary430

evaluation metric. However, accuracy alone can431

be misleading, particularly under class imbalance.432

To provide a more balanced evaluation, we report433

macro-averaged precision, macro-averaged recall,434

and macro-averaged F1-score. These metrics treat435

both positive and negative classes equally, regard-436

less of their frequency in the dataset. By incorpo-437

rating macro-averaged metrics alongside accuracy,438

we account for the dataset’s class imbalance and439

obtain a more reliable assessment of model perfor- 440

mance across both positive and negative cases. 441

4.4 Implementation Details 442

All experiments were conducted on a single 443

NVIDIA A100 SXM4 GPU with 80GB of mem- 444

ory. For all baseline models, we maintained their 445

official repository configurations and loaded them 446

with bfloat16 precision to optimize computational 447

efficiency. Beyond this precision setting, no other 448

modifications were made to the models’ default 449

parameters, ensuring a fair and reproducible com- 450

parison across all baseline evaluations. 451

5 Benchmark Results 452

We have listed all 26 models’ result in Table 2 in- 453

cluding 5 general purpose text modality models, 4 454

financial finetuned models, 12 image-text modal- 455

ities models, 5 audio-text modalities models. We 456

have the following observations. 457

5.1 High Performance Illusion 458

As shown in Table 2, many models appear to 459

achieve strong results when evaluated only by ac- 460

curacy. In fact, 15 out of 26 models surpass 70% 461

accuracy. However, this impression of high perfor- 462

mance is misleading and illusional. Our dataset is 463

heavily imbalanced toward positive samples, and 464

when we examine precision, recall, and F1 score, 465

most of the models fall below 55%. This indi- 466

cates that most models are biased toward predict- 467

ing the majority (positive) class and fail to gener- 468

alize to negative cases. A plausible interpretation 469

for this biased behavior is that the models have 470

simply learned the statistical distribution of the fi- 471

nancial domain, where positive outcomes are more 472

frequent. This aligns with our own findings during 473

the dataset construction phase, which confirmed 474

that real-world financial data often exhibits signifi- 475

cant imbalance. 476

A closer look also reveals that model accuracy 477

tends to increase on the 2021 subset compared 478

to earlier years. For instance, Qwen-2.5 in the 479

General-Text category achieves accuracies of 0.78 480

and 0.77 in 2019 and 2020, respectively, but rises 481

to 0.84 in 2021. However, this gain does not re- 482

flect genuine model improvement. Rather, it stems 483

from the fact that the 2021 data is more imbalanced, 484

with 89% positive and only 11% negative samples. 485

When models default to predicting the majority 486

class, their accuracy naturally rises under such con- 487

ditions. This improvement is therefore illusory, as 488
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2019 2020 2021 Overall
Acc Prec Rec F1 Acc Prec Rec F1 Acc Prec Rec F1 Acc Prec Rec F1

General-Text
GPT-oss (20B) 0.73 0.57 0.59 0.58 0.63 0.49 0.49 0.48 0.75 0.52 0.52 0.52 0.71 0.53 0.54 0.53
Qwen-2.5 (14B) 0.78 0.51 0.50 0.49 0.77 0.52 0.52 0.52 0.84 0.48 0.49 0.48 0.80 0.51 0.50 0.50
Mistral (7B) 0.73 0.50 0.50 0.50 0.68 0.52 0.53 0.51 0.80 0.51 0.51 0.51 0.74 0.51 0.51 0.51
LLaMa-3.2 (3B) 0.74 0.50 0.50 0.50 0.75 0.51 0.51 0.51 0.83 0.52 0.52 0.52 0.78 0.51 0.51 0.51
Gemma-3 (1B) 0.70 0.43 0.45 0.44 0.73 0.45 0.45 0.45 0.77 0.45 0.45 0.45 0.74 0.44 0.45 0.45
Finance-FT
Fin-LLaMa3 (8B) 0.10 0.17 0.08 0.09 0.12 0.23 0.07 0.10 0.14 0.27 0.08 0.12 0.12 0.22 0.08 0.11
Fin-LLaMa (8B) 0.70 0.46 0.47 0.46 0.77 0.47 0.47 0.47 0.77 0.46 0.46 0.46 0.74 0.47 0.47 0.47
Finance-R1 (1.7B) 0.49 0.37 0.32 0.34 0.48 0.42 0.32 0.35 0.57 0.43 0.35 0.38 0.52 0.40 0.33 0.36
LLaMa-RAG (8B) 0.08 0.14 0.05 0.07 0.10 0.21 0.06 0.09 0.12 0.26 0.08 0.11 0.10 0.20 0.06 0.09
Image-Text
GPT-5 0.57 0.54 0.56 0.51 0.52 0.54 0.59 0.46 0.71 0.54 0.58 0.53 0.62 0.55 0.58 0.52
GPT-5-mini 0.60 0.53 0.54 0.52 0.53 0.52 0.54 0.45 0.73 0.53 0.55 0.52 0.64 0.53 0.55 0.51
GPT-5-nano 0.61 0.53 0.54 0.52 0.48 0.52 0.54 0.43 0.73 0.52 0.53 0.52 0.62 0.52 0.54 0.50
GPT-4.1 0.66 0.53 0.54 0.53 0.57 0.53 0.56 0.48 0.79 0.54 0.55 0.54 0.69 0.53 0.55 0.53
Mistral-3.1 (24B) 0.72 0.49 0.50 0.49 0.72 0.51 0.52 0.51 0.86 0.52 0.51 0.50 0.77 0.51 0.51 0.51
Gemma-3 (12B) 0.66 0.50 0.50 0.50 0.65 0.52 0.54 0.50 0.83 0.55 0.54 0.54 0.73 0.52 0.53 0.52
LLaMa-3.2 (11B) 0.68 0.52 0.54 0.50 0.49 0.52 0.54 0.43 0.52 0.51 0.51 0.47 0.58 0.52 0.54 0.48
Sa2VA (8B) 0.72 0.43 0.46 0.44 0.77 0.45 0.46 0.45 0.80 0.44 0.45 0.45 0.76 0.44 0.46 0.45
Qwen-2.5 (7B) 0.78 0.52 0.51 0.48 0.82 0.47 0.49 0.47 0.88 0.45 0.49 0.47 0.82 0.49 0.50 0.48
Qwen-2 (7B) 0.70 0.43 0.45 0.44 0.71 0.49 0.48 0.48 0.81 0.49 0.49 0.49 0.74 0.47 0.47 0.47
Cosmos (7B) 0.75 0.44 0.48 0.45 0.79 0.49 0.49 0.49 0.86 0.47 0.49 0.48 0.81 0.47 0.49 0.47
LLaVa-1.6 (7B) 0.68 0.51 0.51 0.51 0.66 0.49 0.48 0.47 0.84 0.54 0.53 0.53 0.74 0.52 0.52 0.52
Audio-Text
Voxtral (24B) 0.71 0.51 0.51 0.51 0.69 0.51 0.52 0.50 0.80 0.53 0.53 0.53 0.74 0.52 0.52 0.52
DeSTA-2.5 (8B) 0.54 0.50 0.49 0.47 0.52 0.50 0.49 0.43 0.55 0.50 0.49 0.43 0.54 0.50 0.49 0.45
Qwen-2.5 (7B) 0.78 0.46 0.50 0.45 0.84 0.53 0.51 0.50 0.88 0.51 0.50 0.48 0.84 0.51 0.50 0.47
Qwen-2 (7B) 0.62 0.43 0.42 0.43 0.69 0.46 0.44 0.45 0.67 0.45 0.42 0.43 0.66 0.44 0.43 0.43
Gemma-3n (8B) 0.35 0.53 0.53 0.35 0.32 0.50 0.50 0.31 0.33 0.48 0.46 0.31 0.34 0.50 0.51 0.33

Table 2: Model comparison on the FinCall-Surprise benchmark. The table is divided into four sections: General-Text
refers to unimodal LLMs trained for general purposes; Finance-FT refers to unimodal LLMs finetuned on financial
datasets; Image-Text refers to vision-language models that accept both images and text; and Audio-Text refers to
audio-language models that accept both audio and text. For each metric and year, the highest score within each
category is highlighted in bold . (Prec, Rec, and F1 represent Macro Average Precision, Macro Average Recall,
and Macro Average F1-score, respectively.)

confirmed by its precision, recall, and F1 scores.489

For example, although Qwen-2.5 achieves 0.84 ac-490

curacy in 2021, its precision, recall, and F1 scores491

show no corresponding increase.492

5.2 Balanced Predictions and Robustness of493

Closed-Source Models494

Surprisingly, the four closed-source models evalu-495

ated, GPT-5, GPT-5-mini, GPT-5-nano, and GPT-496

4.1, achieved lower overall accuracy scores in the497

Image-Text category compared to smaller, open-498

source models. For instance, the highest accuracy499

among these closed-source models was 0.69, con-500

siderably lower than the 0.82 achieved by Qwen-501

2.5. However, we argue that this accuracy met-502

ric is misleading (discussed in section 5.1). A503

deeper analysis reveals that the GPT family, par-504

ticularly GPT-5, consistently achieved the highest505

precision and recall scores nearly every year. This506

discrepancy arises from the models’ prediction be- 507

havior. Manual inspection of the outputs showed 508

that unlike many open-source models which pre- 509

dominantly default to a “Positive” label, the closed- 510

source models generated a much more balanced 511

distribution of “Positive” and “Negative” predic- 512

tions. This avoidance of majority-class bias is what 513

lowers their raw accuracy score. We interpret this 514

as a positive sign, as it suggests the GPT models 515

possess a more robust financial reasoning capabil- 516

ity, allowing them to avoid the majority-class bias 517

inherent in the dataset. 518

5.3 Failure Analysis of Finetuned Financial 519

Models 520

While most models demonstrated reasonable per- 521

formance on accuracy, a subset of models in 522

the Finance-FT category performed exceptionally 523

poorly. Notably, Fin-LLaMa3 and LLaMa-RAG 524
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achieved overall accuracy scores of only 12% and525

10%, respectively. A qualitative analysis of their526

outputs revealed three primary failure reasons: re-527

sponse bias, poor instruction following, and de-528

graded language generation.529

First, unlike most other models, these two mod-530

els show a strong tendency to predict “negative” la-531

bels. The reason for this bias is unclear, but it may532

stem from the nature of their finetuning data. Sec-533

ond, the models exhibit difficulty following instruc-534

tions. To evaluate model performance systemati-535

cally, our benchmark requires answers in a specific536

format: Result = [[POSITIVE or NEGATIVE]].537

However, the finetuned models often failed to com-538

ply, producing outputs in inconsistent formats. Al-539

though we attempted to accommodate these varia-540

tions, some responses could not be parsed reliably.541

We treated such cases as incorrect, since the ability542

to follow task instructions should be considered543

an essential component of performance. Third,544

in several instances the models failed to generate545

grammatically correct or meaningful sentences. We546

suspect that both the instruction-following failures547

and the degradation in basic language generation548

stem from over-finetuning on highly specialized549

financial datasets. In pursuit of domain-specific550

performance, finetuning may inadvertently over-551

penalize general language capabilities, diminishing552

the model’s broader usability. These findings high-553

light that when developing task-specialized models,554

it is important to ensure that this does not come at555

the expense of fundamental language competence556

and instruction-following ability.557

5.4 Do Image and Audio Inputs Improve558

Model Performance?559

As shown in Table 2, model performance varies sig-560

nificantly across categories. Interestingly, we ob-561

serve both modest improvements and notable degra-562

dations in accuracy when additional modalities are563

introduced. For instance, within the Qwen-2.5 fam-564

ily, the General-Text model with 14B parameters565

achieves an overall accuracy of 0.80. When image566

data is incorporated, the 7B Image-Text model im-567

proves to 0.82. With audio data, the 7B Audio-Text568

model increases the accuracy to 0.84. While these569

gains may appear modest, the fact that smaller mul-570

timodal models outperform their larger text-only571

counterpart suggests that visual and auditory inputs572

can provide complementary signals beyond the raw573

conference call transcripts.574

However, in other cases, the addition of new575

modalities leads to performance degradation. For 576

example, the text-only LLaMa-3.2 model with 3B 577

parameters achieves a respectable accuracy of 0.78, 578

yet its larger Image-Text variant with 11B parame- 579

ters performs significantly worse, dropping to 0.58. 580

Audio-Text models also exhibit highly inconsistent 581

performance. While Voxtral achieves 0.74 accu- 582

racy and Qwen-2.5 achieves 0.84 accuracy, other 583

models like DeSTA-2.5 and Gemma-3n reach only 584

0.54 and 0.34, respectively. These negative results 585

suggest that, for many state-of-the-art models, sup- 586

plementary signals from presentation slides and au- 587

dio may introduce noise that cannot be effectively 588

understood with textual content, ultimately hinder- 589

ing predictive capabilities. More broadly, current 590

multimodal models often lack the robustness and 591

consistency that text-only LLMs demonstrate when 592

applied to single-modal financial data. 593

Taken together, our results highlight both the po- 594

tential and the limitations of multimodal learning 595

in this domain. On the one hand, certain models 596

clearly benefit from the additional information that 597

pure text alone cannot provide. On the other hand, 598

many existing multimodal models cannot interpret 599

complex financial signals across modalities. We 600

anticipate that future research leveraging our multi- 601

modal benchmark will unlock deeper insights and 602

enable models to capture information that plain 603

transcripts alone cannot convey. 604

6 Conclusions 605

In this work, we introduced FinCall-Surprise, the 606

first large-scale, open-source, multimodal bench- 607

mark for earnings surprise prediction, compris- 608

ing synchronized word-level transcripts, full audio 609

recordings, and presentation slides from more than 610

2,600 corporate conference calls between 2019 and 611

2021. Our evaluation of 26 state-of-the-art models 612

highlights both the potential and the limitations of 613

current approaches. We find that many open-source 614

models achieve deceptively high accuracy due to 615

class imbalance, while closed-source models gener- 616

ally provide more balanced predictions. Financial 617

models fine-tuned on narrow datasets often lose ba- 618

sic instruction-following and language generation 619

abilities, and existing multimodal models continue 620

to struggle with effectively integrating image and 621

audio in the financial domain. We release FinCall- 622

Surprise to reduce reliance on proprietary data and 623

provide an open, challenging benchmark for ad- 624

vancing models in earnings surprise prediction. 625
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Limitations626

A potential limitation of FinCall-Surprise lies in the627

natural class imbalance between positive and nega-628

tive earnings surprises. Because positive surprises629

occur more frequently in real-world financial mar-630

kets, our dataset inevitably reflects this biased distri-631

bution. While this imbalance makes the benchmark632

realistic, it also poses challenges for model evalua-633

tion. Future research that employs FinCall-Surprise634

for training could consider techniques such as up-635

sampling, downsampling, or other modern data-636

balancing strategies to mitigate this limitation and637

better assess model robustness across both positive638

and negative cases.639
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A Prompt Used in Our Experiments921

A.1 Prompt Used in Text-Only Modality922

Text-only Modality

You are an expert equity research analyst. Your task is to
read the following earnings-conference call transcript and
decide whether next quarter’s earnings per share (EPS)
will beat or miss consensus estimates.

Instructions
• Label only: respond with exactly one of:

– POSITIVE (indicating an expected positive EPS sur-
prise)

– NEGATIVE (indicating an expected negative EPS sur-
prise)

• Brief rationale (1–2 sentences) explaining the key
driver

• No other text

Definitions
• POSITIVE: indications of stronger-than-expected

earnings or revenue growth, upbeat guidance, new part-
nerships, successful product launches, cost savings,
market expansion, etc.

• NEGATIVE: indications of missed earnings or rev-
enue declines, weak or withdrawn guidance, regula-
tory/legal setbacks, unexpected costs, competitive pres-
sures, etc.

Transcript:
{transcript}

Answer format
Rationale = [[ your rationale ]]
Result = [[ POSITIVE or NEGATIVE ]]

923

A.2 Prompt Used in Image-Text Modality924

Multi-modal Modality

[image_1, image_2, image_3]
You are an expert equity research analyst. Your task is to
read the following earnings-conference call transcript and
the accompanying slide deck images to decide whether
next quarter’s earnings per share (EPS) will beat or miss
consensus estimates.

Instructions
1. Label only: respond with exactly one of:

• POSITIVE (indicating an expected positive EPS sur-
prise)

• NEGATIVE (indicating an expected negative EPS sur-
prise)

2. Brief rationale (1–2 sentences) explaining the key
driver

3. No other text

Definitions
• POSITIVE: indications of stronger-than-expected

earnings or revenue growth, upbeat guidance, new part-
nerships, successful product launches, cost savings,
market expansion, etc.

• NEGATIVE: indications of missed earnings or rev-
enue declines, weak or withdrawn guidance, regula-
tory/legal setbacks, unexpected costs, competitive pres-
sures, etc.

925

Transcript:
{transcript}

Answer format
Rationale = [[ your rationale ]]
Result = [[ POSITIVE or NEGATIVE ]]

926

A.3 Prompt Used in Audio-Text Modality 927

Audio-only Modality

{audio}
You are an expert equity research analyst. Your task is to
analyze the provided audio from an earnings conference
call and predict whether next quarter’s earnings per share
(EPS) will beat or miss consensus estimates.

Instructions
1. Label only: respond with exactly one of:

• POSITIVE (indicating an expected positive EPS sur-
prise)

• NEGATIVE (indicating an expected negative EPS sur-
prise)

2. Brief rationale (1–2 sentences) explaining the key
driver

3. No other text

Definitions
• POSITIVE: indications of stronger-than-expected

earnings or revenue growth, upbeat guidance, new part-
nerships, successful product launches, cost savings,
market expansion, etc.

• NEGATIVE: indications of missed earnings or rev-
enue declines, weak or withdrawn guidance, regula-
tory/legal setbacks, unexpected costs, competitive pres-
sures, etc.

Answer format
Rationale = [[ your rationale ]]
Result = [[ POSITIVE or NEGATIVE ]]

928
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B Examples of Model Responses929

GPT OSS 20B
<|channel|>analysis<|message|> We need to decide
if next quarter EPS will beat or miss consensus. Tran-
script is about acquisition of Celgene by BMS and EPS
accretion announced, many positive statements, expected
near-term launches, synergy. But we need to see if EPS
guidance they gave earlier? They said "EPS guidance we
issued this morning." But the details not present. However
they mention strong EPS accretion day one, and near-
term product launches. So likely positive. There’s no
mention of negative factors or earnings decline. There-
fore predict positive EPS beat. Provide rationale: acqui-
sition and near-term launches with high revenue poten-
tial and EPS accretion. Thus final answer: POSITIVE.
Provide rationale in 1-2 sentences: e.g., acquisition cre-
ates immediate EPS accretion and multiple near 2011
term launches generating >$15B potential, likely beating
consensus.<|end|><|start|> assistant <|channel|>
final <|message|> Rationale = [[ The acquisition of Cel-
gene is positioned to deliver immediate EPS accretion and
the company expects six near 2011 term launches with
over $15B of peak sales, creating strong upside for earn-
ings beyond current guidance. ]] Result = [[ POSITIVE
]]<|return|>

930

Qwen 2.5 14B

Rationale = [[ Alexion’s earnings conference call indi-
cates strong momentum with the launch of MG, success-
ful pipeline advancements, including early approval for
Ultomiris and promising data for NMO, and strategic ac-
quisitions like Wilson Therapeutics and Syntimmune. The
company plans to convert PNH patients to Ultomiris, ex-
pand into additional indications like ALS and PPMS, and
maintain a focus on disciplined business development.
These factors suggest robust growth prospects. Addition-
ally, Alexion’s emphasis on long-term sustainability and
volume growth through strategic pricing aligns positively
with investor expectations. ]] Result = [[ POSITIVE ]]

931

Mistral 7B
Rationale = Stronger-than-expected earnings growth due
to the creation of a leading biopharma company with a
broad and deep pipeline, leading marketed products port-
folio, and multiple near-term product launches. Result =
POSITIVE

932

LLaMa 3.2 3B
Result = POSITIVE Rationale = The executives provided
strong guidance on the upcoming launches of the com-
bined company, including 6 near-term product launches
with significant revenue potential. They also highlighted
the pipeline’s broad and deep nature, with a focus on
long-term growth opportunities and the potential for value
creation in the medium and long term.

933

Gemma 3 1B
Rationale = [[ The transaction represents a significant
strategic realignment for Bristol Myers Squibb, position-
ing the company as a leader in oncology and immunology,
leveraging the strengths of Celgene2̆019s pipeline and
expanding its access to novel therapies. The combina-

934

tion offers substantial growth potential, with the combined
company projected to deliver strong returns for sharehold-
ers.]] Result = [[ POSITIVE ]]

935

Finance-LLaMa3 8B
We’res how we see the company we see the product we
see the product we see the company we see the company
we see the company we see the company we see the com-
pany we see the company we see the company we see the
company we see the company we see the company we see
the company we see the company we see the company we
see the company we see the company we see the company
we see the company we see the company we see the com-
pany we see the company we see the company we see the
company we see the company we see the company we see
the company we see the company we see the company we
see the company we see the company we see the company
we see the company we see the company we see the com-
pany we see the company we see the company we see the
company we see the company we see the company we see
the company we see the company we see the company we
see the company we see the company we see the company
we see the company we see the company we see the com-
pany we see the company we see the company we see the
company we see the company we see the company we see
the company we see the company we see the company we
see the company we see the company we see the company
we see the company we see the company we see the com-
pany we see the company we see the company we see the
company we see the company we see the company we see
the company we see the company we see the company we
see the company we see the company we see the company
we see the company we see the company we see the com-
pany we see the company we see the company we see the
company we see the company we see the company we see
the company we see the company we see the company we
see the company we see the company we see the company
we see the company we see the company we see the com-
pany we see the company we see the company we see the
company we see the company we see the company we see
the company we see the company

936

Finance-LLaMa 8B
Assistant: POSITIVE. Explanation: next quarter 2019s
earnings per share (EPS) will beat consensus estimates.
The combination of Bristol-Myers Squibb and Celgene
will create a leading biopharma company with strong po-
tential for growth. The combined portfolio will have lead-
ing franchises in oncology, immunology and inflammation,
and cardiovascular disease. The combined company will
have a robust late-stage pipeline and early-stage pipeline
across disease areas, as well as cutting-edge technologies
and discovery platforms. The transaction is financially
compelling on day one, with strong returns and immediate
EPS accretion. The combined company will have signifi-
cant growth opportunities, including 6 near-term product
launches with more than $15 billion in revenue potential.
The combined company will have an industry-leading late-
stage pipeline, with 6 near-term product launches, and a
robust early-stage pipeline across disease areas. The com-
bined company will also have cutting-edge technologies
and discovery platforms that will enable the acceleration
of new medicines for patients. The combined company
will have strong potential for growth, with leading fran-
chises in oncology, immunology and inflammation, and
cardiovascular disease. The combined company will have
significant growth opportunities, including 6 near-term

937
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product launches and a robust early-stage pipeline. The
combination of Bristol-Myers

938

Finance-R1
<think> Okay, let’s tackle this. The user wants to know if
next quarter’s EPS will beat or miss consensus estimates
based on the earnings conference call transcript provided.
First, I need to scan through the transcript for any mentions
of EPS, revenue growth, cost savings, market expansion,
or other factors that would indicate a positive or negative
surprise. Looking at the transcript, the main points seem
to be about the merger between Bristol-Myers Squibb and
Celgene. They mention creating a leading biopharma com-
pany, combining their assets, and the strategic benefits.
There are talks about expanding their portfolio, new prod-
uct launches (like Revlimid, Pomalyst, and others), and
the potential for growth in oncology and immunology ar-
eas. The executives talk about the financial implications
of the deal, stating that they’ll deliver strong returns with
immediate EPS accretion. They also mention the com-
bined pipeline with potential revenue from 6 near-term
product launches. There’s a lot of emphasis on the syn-
ergy and the long-term growth opportunities. However,
the transcript doesn’t mention any actual EPS numbers or
revenue figures for the current quarter. The focus is more
on the strategic moves and future outlook rather than past
or current EPS performance. The key drivers here are the
strategic alignment, combined pipeline potential, and the
expected revenue growth from new products. The defini-
tion of POSITIVE is when earnings or revenue growth is
stronger than expected, or there’s new partnerships, suc-
cessful product launches, cost savings, etc. The transcript
mentions new product launches, expanded portfolio, and
the potential for growth in key areas. Since these are posi-
tive factors, it’s likely that the EPS will beat expectations.
The NEGATIVE would be if earnings or revenue declines
are expected, but the transcript doesn’t mention any de-
clines. The focus is on growth and positive outcomes. So
the key driver here is the strategic expansion and the poten-
tial for strong revenue from the new product launches and
expanded portfolio, which would lead to a positive EPS
surprise. </think> Rationale = [The transcript emphasizes
strategic alignment, expanded portfolio, and high-growth
potential from combined pipelines, including 6 near-term
product launches. These factors suggest strong revenue
and EPS growth, indicating a positive surprise.] Result =
[POSITIVE]

939

LLaMa-RAG
Good a good an the the the and **Fees to have a good a
positive to and to ** to the (and to come the positive (best
(1 the negative The. We the ** to have an overall to come
and **to the positive the 2018 to come the **the same to
come the ** to come the best of the 2018 and ** to come
the best of the ** (Positive the positive the next year we
the to a good a good (the negative and the negative the 1
** the positive the **to the **the. We **the negative the
higher the positive the positive (the (negative. We the 1.
**the positive (Best of a positive the we, **the positive (1
**the positive and **the same the **the negative to come
the positive the positive (1 **the negative the negative the
positive (negative Following the The The We the negative
the best (the positive (The positive, positive ( negative the
positive, the negative The positive to come the Positive **
to come the positive the positive, and Positive the positive,
positive (negative the negative the following an overall the

940

Example of Response Bias

Transcript:
We expect the transaction will bring significant financial
benefits to shareholders of both companies from day one.
We believe we’ll generate returns in excess of both com-
panies cost of capital and deliver more than 40% accretion
in the first full year. From a balance sheet perspective, we
will remain in a very strong position. We project substan-
tial free cash flow in excess of $45 billion in the first 3
years...
Finance-R1 Output:
... The company faces potential risks in the global mar-
ket and slight uncertainty in supply chains, which could
impact future margins ... Result = [ NEGATIVE ]

941

Example of Poor Instruction Following

Finance-R1 Output:
... The executives seem very confident about the new
product launch. The sentiment is bullish and I expect them
to beat the estimates. Therefore, the next quarter earning
surprise is positive.

942
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