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Abstract1

Automatic summarization of surgical videos is2

critical for improving procedural documenta-3

tion, supporting surgical training, and facilitat-4

ing post-operative analysis. Despite recent ad-5

vances in computer vision and natural language6

processing, most existing methods either focus7

on tool detection or clip-level captioning, lack-8

ing an integrated approach that produces full,9

clinically meaningful reports.10

We introduce a multimodal framework that11

leverages visual transformers and large lan-12

guage models to generate comprehensive sur-13

gical video summaries. The method unfolds14

in three stages: (i) extraction of frame-level15

features to capture tools, tissues, and surgi-16

cal actions, (ii) integration of temporal con-17

text through a ViViT-based encoder combined18

with frame-level captions, and (iii) synthesis of19

clip-level descriptions into structured surgical20

reports using a dedicated LLM.21

We evaluate the framework on the CholecT5022

dataset of 50 laparoscopic videos, achieving23

96% precision in tool detection and a BERT24

score of 0.74 for temporal summarization.25

These results demonstrate the potential of com-26

bining computer vision and language models to27

advance AI-assisted reporting, offering a step28

toward reliable, interpretable, and efficient clin-29

ical documentation.30

∗ Hugo conducted all the experiments, tests, and code imple-
mentation. Cristian contributed to the conceptualization,
theoretical analysis, and manuscript writing.

Data and Code Availability — The CholecT50 31

dataset used in this study is publicly avail- 32

able from the official challenge organizers. An 33

anonymized repository containing the code for 34

preprocessing, model training, and evaluation 35

is available at https://github.com/criscose/ 36

Enhancing-Surgical-Documentation-through-Multimodal-Visual-Temporal-Transformers-and-Generative-AI.37

Permanent links to the full repository will be pro- 38

vided in the camera-ready version. 39

Institutional Review Board (IRB) This study 40

did not require IRB approval as it uses only publicly 41

available, anonymized data. 42
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1. Introduction 45

Artificial Intelligence (AI) is increasingly shaping 46

modern surgery by enhancing precision, support- 47

ing decision-making, and improving patient out- 48

comes (Hashimoto et al., 2018). Computer vision, 49

in particular, enables machines to interpret surgical 50

scenes, with Convolutional Neural Networks (CNNs) 51

widely used for tasks such as tool tracking and image- 52

based diagnostics (Litjens et al., 2017). However, 53

CNNs are limited in modeling long-range temporal 54

dependencies that are critical for understanding com- 55

plex surgical procedures (Zia et al., 2018). 56

Recent advances in transformer architectures have 57

addressed this limitation. Originally developed for 58

Natural Language Processing, transformers are now 59
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the backbone of powerful Large Language Models60

(LLMs) (Brown et al., 2020) and visual transform-61

ers (Dosovitskiy et al., 2020), offering unified repre-62

sentations for sequential text and video data. These63

capabilities open new opportunities for multimodal64

systems in surgical video analysis.65

Despite this progress, deploying AI in clinical prac-66

tice demands models that are accurate, transparent,67

and ethically compliant. Systems must preserve pa-68

tient privacy, minimize bias, and remain under hu-69

man oversight. Modular and explainable designs are70

therefore essential to ensure reliability and clinical71

trust (Holzinger et al., 2017).72

In this work, we propose a multimodal pipeline73

that integrates computer vision and language mod-74

els to automatically generate structured surgical re-75

ports from video. The approach consists of three76

stages: (i) extraction of frame-level features, (ii) tem-77

poral encoding and clip-level summarization via a78

ViViT-based encoder, and (iii) aggregation of sum-79

maries into coherent surgical reports using a spe-80

cialized LLM. Evaluated on annotated laparoscopic81

surgery videos, our method achieves strong perfor-82

mance in tool detection and temporal summariza-83

tion, demonstrating the effectiveness of this multi-84

stage strategy.85

Such summarization is clinically significant because86

it transforms long and complex surgical recordings87

into concise, structured narratives that facilitate doc-88

umentation, training, and postoperative review. By89

reducing redundancy and highlighting key events, au-90

tomated video summarization can directly support91

both clinical practice and surgical education.92

The remainder of the paper is organized as fol-93

lows. Section 2 reviews related work in surgical94

video analysis and summarization. Section 3 presents95

our methodology. Section 4 details the experimental96

setup and results. Section 5 concludes with contribu-97

tions and future directions.98

2. Related Work99

Automatic analysis of surgical videos is increasingly100

explored for training, skill assessment, and clinical101

practice improvement Loukas (2018); Kawka et al.102

(2022). Advances in computer vision and the avail-103

ability of intraoperative recordings enable seman-104

tic extraction from complex visual content, though105

challenges persist due to variability, occlusions, and106

spatio-temporal complexity Jin et al. (2020).107

Early static feature approaches proved insufficient 108

for modeling surgical actions Mao et al. (2022). 109

Deep learning methods, evolving from CNNs to Vi- 110

sion Transformers, improved long-range dependency 111

modeling Islam et al. (2021). Object detection 112

remains central, with YOLO, Faster R-CNN, and 113

transformer-based detectors widely applied to tools 114

and anatomical structures Fu et al. (2018); Wang 115

et al. (2025). 116

Captioning techniques extend these efforts, from 117

frame-level descriptions to clip-level and dense cap- 118

tioning, which enhance temporal flow and granularity 119

Zhang et al. (2019, 2020b); Kashid et al. (2024). Mul- 120

timodal alignment between vision and language im- 121

proves clinical relevance, though coherence and termi- 122

nology remain challenges Chen et al. (2023); Sharma 123

et al. (2023). Cross-modal attention architectures 124

such as CroMA Antonio et al. (2024) and multimodal 125

frameworks tailored to surgical reporting Wang et al. 126

(2025) highlight progress in this direction. 127

LLMs further support fluent, structured narratives 128

Tian et al. (2023); Sloan et al. (2024), and end-to-end 129

pipelines now integrate detection, captioning, and 130

temporal modeling for report generation Xu et al. 131

(2021); Bai et al. (2024). However, most approaches 132

still address these components in isolation, limiting 133

interpretability and clinical integration. Our work 134

builds on these advances with a unified multimodal 135

pipeline (Figure ??) that fuses frame- and clip-level 136

captioning with LLMs to produce structured, ex- 137

plainable surgical reports. 138

3. Proposed Methodology 139

This section describes our methodology for the auto- 140

mated generation of explainable reports from surgical 141

video analysis. The objective is to interpret surgical 142

activities at multiple levels of granularity and to pro- 143

duce coherent, human-readable summaries that com- 144

bine visual evidence with natural language descrip- 145

tions. The approach is organized into four phases: (i) 146

object detection in frames, (ii) frame-level captioning, 147

(iii) clip-level captioning, and (iv) report synthesis. 148

The overall execution flow is shown in Figure 1. 149

The first phase detects essential visual elements in 150

each frame, such as instruments, organs, and anatom- 151

ical landmarks. Given the challenges of surgical im- 152

agery—tight spaces, occlusions, and motion blur—we 153

employ robust detectors adapted to this domain, in- 154

cluding transformer-based models, to provide the vi- 155

sual context required for later stages. 156
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The second phase generates captions at the frame157

level. By combining detected objects with frame fea-158

tures, transformer-based captioning models produce159

accurate textual descriptions that capture surgical160

actions and spatial relations within individual frames.161

The third phase extends this analysis to the tempo-162

ral domain. Videos are segmented into clips of 32 con-163

secutive frames, allowing the model to capture action164

sequences and dependencies across time. Frame-level165

captions are incorporated as an additional modality,166

enabling temporal attention mechanisms to gener-167

ate coherent summaries that reflect broader surgical168

events.169

The final phase synthesizes a complete surgical170

report. Clip-level summaries are concatenated and171

refined by a large language model, which trans-172

forms them into a comprehensive narrative. This173

ensures coherence, interpretability, and clinical rel-174

evance, bridging granular model outputs with struc-175

tured documentation that can be readily understood176

by medical professionals.177

Through this multi-stage design—detection, frame178

and clip captioning, and report synthesis—the pro-179

posed methodology connects detailed video analy-180

sis with explainable reporting, improving both inter-181

pretability and practical utility in surgical contexts.182

3.1. Multi-Label Object Detection Using183

Vision Transformers184

We implement a multi-label object detection mod-185

ule based on Vision Transformers (ViTs), adapted186

to surgical contexts Dosovitskiy et al. (2020). The187

task is to simultaneously detect instruments, organs,188

and anatomical structures within each frame. In-189

put frames are resized to 224 × 224 and split into190

non-overlapping 16×16 patches, yielding 196 tokens.191

Each patch is linearly projected and enriched with192

positional encodings before being processed by the193

transformer encoder.194

The ViT outputs an embedding that is passed195

through a classification head with sigmoid activa-196

tions, producing a probability vector P across ob-197

ject classes. Objects are selected when their proba-198

bility exceeds a predefined threshold (empirically set199

to 0.5). This simple decision rule allows detection of200

multiple categories per frame.201

To address the severe class imbalance typical of202

surgical datasets, we adopt a weighted Binary Cross-203

Entropy loss. Class-specific weights are computed204

as the inverse of class frequency and normalized to205

sum to one, ensuring rare but clinically important 206

objects contribute proportionally to the optimiza- 207

tion Cui et al. (2019). 208

3.2. Frame Caption Generation 209

After detecting visual entities within each frame, the 210

next step is to generate descriptive captions that 211

combine object-level semantics with visual context. 212

Transformer-based architectures are adopted for their 213

ability to capture complex spatial and semantic de- 214

pendencies Vaswani et al. (2017); Li et al. (2020b). 215

The module consists of four main components: 216

• Frame Encoder: A pre-trained Vision Trans- 217

former (ViT) encodes each frame into a latent 218

representation, projected into a 512-dimensional 219

space through a linear layer Dosovitskiy et al. 220

(2020). 221

• Object Encoder: Detected object labels are 222

processed with a transformer-based textual en- 223

coder (e.g., DistilBERT), producing embeddings 224

mapped to the same latent space Devlin et al. 225

(2018); Sanh et al. (2019a). 226

• Feature Fusion: Visual and textual features 227

are combined through cross-modal attention, en- 228

abling joint reasoning across modalities Lu et al. 229

(2019); Li et al. (2020a). 230

• Caption Decoder: A transformer-based de- 231

coder (e.g., T5) generates frame-level captions 232

from the fused representation Anderson et al. 233

(2018); Cornia et al. (2020). 234

Formally, given a frame I and the corresponding 235

set of object labels O, visual and textual features are 236

projected into a shared space and concatenated: 237

h′
I = WI ViT(I), h′

O = WO E(O), (1)

h′
C = CrossAttention(concat(h′

I , h
′
O)), (2)

C = D(h′
C), (3)

here E and D denote the textual encoder and de- 238

coder, respectively. WI ∈ RdI×d and WO ∈ RdO×d
239

are learnable linear projection matrices that map the 240

outputs of the visual encoder (ViT) and textual en- 241

coder (DistilBERT), respectively, into a common la- 242

tent space of dimension d = 512. This projection en- 243

sures dimensional alignment between modalities and 244

allows the cross-attention module to operate effec- 245

tively on concatenated visual and textual representa- 246

tions. 247
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Figure 1: Execution flow of the proposed methodology.

This integration ensures that frame-level captions248

capture not only the appearance of instruments and249

structures but also the actions performed. By com-250

bining semantic and visual cues, the model produces251

clinically relevant descriptions that enhance inter-252

pretability and support surgical decision-making.253

3.3. Clip-Level Caption Generation254

Building on frame-level analysis, we extend the255

methodology to capture temporal dependencies256

across video clips. Clip-level captioning requires257

modeling actions and interactions that unfold over258

multiple frames, integrating temporal context into259

the generated descriptions. Inspired by transformer-260

based architectures for video understanding, particu-261

larly Video Vision Transformers (ViViT) Arnab et al.262

(2021), our approach introduces two key modifica-263

tions:264

1. Temporal Integration: Frame sequences are265

grouped into clips of Nf frames, each represented266

both visually and through the corresponding267

frame-level captions. This dual input provides268

multimodal context over time.269

2. Spatiotemporal Patches: The vision trans-270

former extends image patches into spatiotempo-271

ral tokens Bertasius et al. (2021), enabling the272

model to capture motion patterns and evolving 273

surgical actions across frames. 274

This design allows the generation of temporally co- 275

herent and clinically meaningful clip-level captions, 276

ensuring that procedures spanning multiple frames 277

are accurately documented. 278

3.4. Comprehensive Surgical Report 279

Synthesis 280

The final stage aggregates clip-level captions into a 281

complete surgical report. Large language models 282

(LLMs), particularly GPT-based architectures, are 283

employed for their strength in summarization and 284

narrative construction Radford et al. (2019); Ouyang 285

et al. (2022). All generated captions are provided 286

to the LLM with a tailored prompt guiding the pro- 287

duction of a structured, clinically relevant summary. 288

This ensures that procedural details are not only con- 289

densed but also organized in a way that aligns with 290

medical documentation standards. By bridging fine- 291

grained video analysis with high-level reporting, this 292

phase enhances transparency, interpretability, and 293

practical utility in clinical contexts. The complete 294

prompt template used for report generation is avail- 295

able in Appendix A 296
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During phase gallbladder-dissection, 
the grasper is retracting the 

gallbladder, this hook is dissecting 
the omentum

During phase gallbladder-dissection, 
the hook is coagulating the liver

ViViT
(fine-tuned)

DistilBert
(fine-tuned)

Linear
Projection

Linear
ProjectionConcatenation

T5 cross attention
Module

T5 Generation

Detokenization

During the phase of gallblader-
dissection lasting 25s, ...

Tokenization

Generation Head

Fusion head

Input

.  .  .

Figure 2: Scheme of the frame caption generation module, integrating visual and textual encoders with
cross-modal fusion and a transformer decoder.

4. Experimental Results297

We evaluate the proposed system through a struc-298

tured experimental pipeline. First, we introduce the299

CholecT50 dataset and describe the preprocessing300

used to derive frame- and clip-level representations301

(Section 4.1). We then outline the experimental302

setup, including the pre-trained models selected for303

visual and textual feature extraction, and summarize304

the training strategy adopted to optimize each mod-305

ule while mitigating error propagation.306

Evaluation is conducted across three core tasks:307

(i) object detection, (ii) frame-level captioning, and308

(iii) clip-level captioning. For each task, we report309

both quantitative metrics and qualitative examples310

(Sections 4.2–4.4). Finally, we assess the end-to-end311

generation of structured surgical reports and analyze312

their completeness and consistency (Section 4.5).313

The dataset is licensed under CC BY-NC-SA314

4.0 Creative Commons (2013). Code and trained315

models are provided in an anonymized repository,316

ensuring reproducibility while preserving the double- 317

blind review process. 318

Figure 3 shows an illustrative example from a la- 319

paroscopic cholecystectomy video (VID01). The clip 320

begins with the Preparation phase, where the grasper 321

lifts and positions the gallbladder, followed by the 322

Calot triangle dissection phase, characterized by the 323

introduction of the hook instrument and dissection 324

around the cystic duct and artery. The system’s 325

frame-level captions and tool detections capture these 326

transitions, providing a qualitative demonstration of 327

temporal coherence. 328

4.1. Dataset, Preprocessing, and 329

Experimental Setup 330

We evaluate our framework on the CholecT50 331

dataset CAMMA (2020), which consists of 50 la- 332

paroscopic cholecystectomy videos recorded at 1 fps. 333

Each frame is annotated with tool, action, target, and 334

phase labels, yielding over 151k annotated triplets 335
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VID01

Clip n

Clip 2

Clip 1

VID01, 000031

VID01, 000001

VID01, 000000

[ Grasp, gallbladder ]

[ Grasp, gallbladder ]

[ Grasp, hook, gallbladder ]

First, during the phase of preparation lasting 22 seconds, the grasper is grasping  the
gallbladder while the hook is present. Then, during the phase of carlot-triangle-dissection
lasting 10 seconds, the grasper is grasping the gallbladder while the hook is present.

During phase of preparation, 
the grasper is grasping

 the gallblader

During phase of preparation, 
the grasper is grasping

 the gallblader

       During phase of preparation, 
the grasper is grasping 

the gallblader, 
the hook is present

Figure 3: Illustrative walkthrough of the workflow on a sample surgical video clip.

from 6 instruments, 10 verbs, and 15 targets. Frames336

are grouped into 32-frame clips with 16-frame over-337

lap, resulting in 6,232 clips. Since captions are338

not provided, we automatically generate frame- and339

clip-level captions from annotations by converting340

verb–target–instrument triplets into sentences and341

concatenating them temporally (Figure 4). Table 1342

summarizes the distribution of surgical phases. In

Detected objects: grasper, gallbladder
Frame caption: During preparation, the grasper holds the gall-
bladder.
Clip caption: In the preparation phase (22s), the grasper holds
the gallbladder while the hook is present; during the following dis-
section (10s), the same tools remain active.

Figure 4: Example of artificial frame and clip caption
generation.

343

addition to the CholecT50 dataset, we further eval- 344

uated our framework on the MESAD dataset (avail- 345

able at: https://saras-mesad.grand-challenge. 346

org/dataset/ ), which includes prostatectomy pro- 347

cedures recorded with the da Vinci Xi robotic sys- 348

tem, both on real patients (MESAD-Real) and on 349

artificial anatomies for surgical training (MESAD- 350

Phantom). This second case study, characterized by 351

a different surgical domain and specific action labels, 352

was used to assess the generalizability of the method- 353

ology beyond laparoscopic cholecystectomy. Due to 354

space constraints, the full results are reported in the 355

Appendix (Section H), where we show that the model 356

maintains consistent performance in this context as 357

well, supporting its robustness and broader clinical 358

applicability.

Phase Frames Time (min)

Preparation 2,806 46.8
Calot-triangle-dissection 38,808 646.8
Clipping-and-cutting 7,790 129.8
Gallbladder-dissection 26,789 446.5
Gallbladder-packaging 3,790 63.2
Cleaning-and-coagulation 6,986 116.4
Gallbladder-extraction 2,858 47.6

Total 89,927 1,498.8

Table 1: Phase durations and frame counts in
CholecT50.

6

https://saras-mesad.grand-challenge.org/dataset/
https://saras-mesad.grand-challenge.org/dataset/
https://saras-mesad.grand-challenge.org/dataset/


Surgical Video Report Generation

Pre-trained Models. For visual encoding, we use359

ViT-base Dosovitskiy et al. (2021) for frames and360

ViViT-B Arnab et al. (2021) for spatiotemporal clips.361

For textual encoding of detected objects, we adopt362

DistilBERT Sanh et al. (2019b), while captions are363

generated with T5 models: T5-Small for frames and364

FLAN-T5-Base for clips Raffel et al. (2020). Fi-365

nal report synthesis is handled by GPT-4 OpenAI366

(2023), chosen for its superior summarization flu-367

ency compared to domain-specific LLMs (e.g., Med-368

PaLM Singhal et al. (2023), BioGPT Luo et al.369

(2022)).370

Training Strategy. Each component (object de-371

tector, frame captioner, clip captioner) is trained in-372

dependently and then fine-tuned in a cascaded man-373

ner to account for upstream errors. Training was374

performed on an NVIDIA A100 GPU with 40 GB375

RAM; the heaviest model (clip captioner) required376

∼7 hours. Metric definitions and dataset details are377

provided in Appendix B and C378

4.2. Object Detection379

We first assess calibration and accuracy of the multi-380

label detector. The model is already well calibrated381

(ECE = 0.0075); post-hoc temperature scaling fur-382

ther reduces ECE to 0.0028 with T = 1.8584, mitigat-383

ing over-confidence in mid–high confidence bins while384

preserving accuracy. Figure 5 shows this effect: be-385

fore calibration (left), predicted scores overestimated386

accuracy, whereas after calibration (right), probabil-387

ities align closely with the diagonal, indicating more388

reliable outputs.389
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Figure 5: Reliability diagrams before (left) and after
(right) temperature scaling. Dashed line:
perfect calibration.

We benchmark our detector against SurgT Jin390

et al. (2021) and a recent diffusion-based391

model Baranchuk et al. (2022). SurgT is a 392

transformer tailored for tool detection, while the 393

diffusion approach adapts generative paradigms 394

to recognition tasks. As shown in Figure 6, both 395

achieve slightly higher mean Average Precision 396

(mAP) on instruments, reflecting their specialization 397

in detecting visually distinctive tools. However, they 398

perform poorly on targets (SurgT mAP = 0.30), as 399

neither was designed to capture instrument–target 400

contextual relations. By integrating visual and 401

contextual features, our detector yields substantially 402

higher target mAP, demonstrating stronger modeling 403

of surgical semantics. 404

SurgT CLIP Surgical Ours
0

20

40

60

80

M
ea

n 
Av

er
ag

e 
Pr

ec
is

io
n

89.7
92.6

83.0

0.3

45.0

92.3
Comparison of Mean AP between Methods

Mean AP for Instruments (AP_I)
Mean AP for Targets (AP_T)

Figure 6: mAP comparison for instruments (API)
and targets (APT).

4.3. Frame Caption Generation 405

We evaluate two configurations: (i) trained with 406

ground-truth objects, and (ii) a robust variant 407

fine-tuned on detector outputs to account for up- 408

stream noise. Metrics include BLEU, ROUGE, and 409

BERTScore. 410

Metric Model Robust Model

BLEU 0.6395 0.7267
ROUGE-1 0.8351 0.8700
ROUGE-2 0.7747 0.8096
ROUGE-L 0.8116 0.8637
BERT Precision 0.7771 0.7745
BERT Recall 0.7644 0.8365
BERT F1 0.7707 0.8052

Table 2: Frame-level captioning: initial vs. robust
model.

The robust model improves BLEU and ROUGE 411

and raises BERTScore Recall/F1, showing better cov- 412
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erage and resilience to detector errors (qualitative ex-413

amples in Appendix F).414

4.4. Clip Caption Generation415

We next evaluate the generation of clip-level descrip-416

tions, where sequences of frames are summarized417

into coherent captions. Table 3 compares four vari-418

ants. We next evaluate the generation of clip-level419

descriptions, where sequences of frames are summa-420

rized into coherent captions. Table 3 compares four421

variants. The Simple (vision-only) configuration,422

which ignores frame captions, achieves the lowest423

scores across all metrics. The Model (GT) variant,424

based on ground-truth frame captions, yields strong425

gains, highlighting the benefit of high-quality inter-426

mediate text. When using automatically predicted427

captions (Model (Generated)), performance drops428

by approximately 0.02 compared to GT, due to er-429

ror propagation. Finally, the Robust configuration,430

trained in two phases (independent → joint fine-431

tuning), achieves the best BLEU, ROUGE-L, and432

BERT F1 scores, demonstrating the most effective433

balance between lexical and semantic quality.434

Frame captions None GT Generated Robust

BLEU 0.51 0.65 0.60 0.67
ROUGE-1 0.76 0.86 0.83 0.87
ROUGE-2 0.67 0.80 0.74 0.80
ROUGE-L 0.71 0.80 0.76 0.83
BERT Precision 0.67 0.77 0.67 0.74
BERT Recall 0.66 0.77 0.75 0.78
BERT F1 0.66 0.77 0.71 0.76

Table 3: Clip-level captioning results under different
training strategies.

Overall, incorporating textual intermediates and435

robust training significantly improves performance,436

confirming the advantage of progressive integration437

across system components.438

4.5. Structured Surgical Report Generation439

Finally, we assess the ability to synthesize clip-level440

captions into full surgical reports. GPT-4, guided441

by a structured prompt (Section 3.4), produces sum-442

maries that maintain temporal consistency and in-443

clude relevant instruments, anatomy, and phase tran-444

sitions. Despite noise in intermediate captions, the445

LLM consolidates information, removes redundancy,446

and yields fluent, clinically coherent narratives.447

Beyond the experiments presented here, we con- 448

ducted additional ablation studies to isolate the role 449

of temporal modeling, backbone choice, semantic sig- 450

nals, and clip length. These analyses consistently 451

confirm the superiority of the proposed configura- 452

tion. Furthermore, we introduce a hallucination au- 453

dit to explicitly measure factual reliability in gener- 454

ated reports. Full details and results are reported in 455

Appendix D. An example report for video VID07 is 456

shown in Appendix G, illustrating how the pipeline 457

transforms segmented inputs into a comprehensive 458

surgical narrative suitable for documentation. 459

In addition, we complemented these experiments 460

with both a domain expert review and a structured 461

LLM-based evaluation, which confirmed that the gen- 462

erated reports are close to human-written notes in 463

terms of accuracy, completeness, and clinical utility. 464

Detailed results of these qualitative evaluations are 465

provided in Appendix I. 466

5. Conclusions and Limitations 467

This work presents a modular pipeline for automated 468

surgical video analysis and report generation, inte- 469

grating object detection, multimodal captioning, and 470

large language models. By combining computer vi- 471

sion and natural language processing, the approach 472

addresses a key limitation of prior CNN-based meth- 473

ods—capturing long-range dependencies and contex- 474

tual information—and produces interpretable, clini- 475

cally meaningful outputs. 476

Experiments on the CholecT50 dataset confirm the 477

effectiveness of the methodology, with improvements 478

of up to 12% in semantic precision and 30% in BLEU 479

over baseline configurations. A second case study on 480

the MESAD dataset further supports the generaliz- 481

ability of the approach across different surgical do- 482

mains. These results highlight the value of decompos- 483

ing the task into specialized subtasks while maintain- 484

ing coherence through progressive integration. Ab- 485

lation studies and a hallucination audit additionally 486

demonstrate that each module contributes meaning- 487

fully to the final outcome and that the system miti- 488

gates risks of factual errors. 489

Future work will focus on broadening dataset diver- 490

sity, extending temporal modeling, and incorporat- 491

ing additional modalities (e.g., segmentation, audio 492

cues) to enrich contextual understanding. Beyond 493

this, the modular design provides a natural foun- 494

dation for integration into agent-based frameworks, 495

where autonomous components—augmented by ex- 496

8
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plainable AI techniques—could coordinate detection,497

captioning, and summarization under human over-498

sight. Such systems would advance the development499

of reliable, transparent, and clinically viable AI as-500

sistants for surgical documentation and decision sup-501

port.502

Nevertheless, some limitations remain. The cur-503

rent system leverages synthetic captions for pre-504

training, which may not fully capture the nuances505

of clinical language; it also relies on GPT-4, a closed-506

source LLM, raising reproducibility concerns. More-507

over, validation has so far been restricted to two508

datasets, underscoring the need for broader, multi-509

institutional clinical studies. Addressing these as-510

pects will be crucial for ensuring scalability, trans-511

parency, and trustworthiness in real-world deploy-512

ment.513
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Appendix A. Prompt Design for Report Generation 775

The final summarization stage relies on a carefully designed prompt to guide GPT-4 in producing structured 776

surgical reports. Below we provide the full template used in our experiments: 777

Generate a concise and textual surgery report from the following sequential clip captions of
a video. Each clip describes a phase of the surgery, including the activity, tools used, and duration.
Key Instructions: 1. The clips form a continuous video. If multiple clips describe the same activity,
combine their durations to reflect the total time spent on that activity. 2. Write the report in a narrative
format, explaining each phase step-by-step in a flowing text.
Clip captions: { clip captions }

778

This explicit guidance helps the model to merge intermediate descriptions into coherent, clinically struc- 779

tured narratives. 780

Appendix B. Evaluation Metrics: Detailed Formulations 781

Object detection is evaluated with precision, recall, F1, accuracy, and mean Average Precision (mAP) 782

for instruments and targets. Calibration is measured using Expected Calibration Error (ECE) Guo et al. 783

(2017) with temperature scaling. Captioning and reporting are assessed with BLEU Papineni et al. (2002), 784

ROUGE Lin (2004), and BERTScore Zhang et al. (2020a), covering lexical overlap and semantic similarity 785

The dataset is split into 80/10/10 for training, validation, and testing to ensure consistency. For repro- 786

ducibility, we report the full definitions of the metrics used. 787

Classification Metrics 788

• Precision, Recall, F1, Accuracy: standard definitions based on TP, FP, TN, FN. 789

• Average Precision (AP) for instruments and targets: 790

APi =
∑
n

(Rn −Rn−1) · Pn

where Rn and Pn are recall and precision at threshold n. 791

Calibration Metrics 792

Expected Calibration Error (ECE) Guo et al. (2017): 793

ECE =
M∑

m=1

|Bm|
n

∣∣acc(Bm) − conf(Bm)
∣∣

with bins Bm partitioning the prediction confidences. Temperature scaling rescales logits z by: 794

z̃ =
z

T

Text Generation Metrics 795

• BLEU Papineni et al. (2002): 796

BLEUn = BP · exp
( n∑
i=1

wi log pi

)
with brevity penalty BP . 797
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• ROUGE Lin (2004): unigram (ROUGE-1), bigram (ROUGE-2), and LCS (ROUGE-L).798

• BERTScore Zhang et al. (2020a): cosine similarity between contextual embeddings.799

Appendix C. Additional Dataset Details800

The CholecT50 dataset CAMMA (2020) contains 50 laparoscopic cholecystectomy videos (59 GB total).801

Each video is annotated at 1 fps with tools, verbs, targets, and surgical phases. The processed datasets used802

for training were approximately 50.44 GB (frame-level) and 111.86 GB (clip-level).803

Captions were artificially generated from annotations: - Frame-level: verb + target + phase → sentence.804

- Clip-level: concatenation of frame captions, respecting order and timing.805

The dataset was split 80/10/10 into training, validation, and test sets.806

Appendix D. Additional Ablation Studies and Hallucination Audit807

In this appendix, we provide additional ablation studies to further disentangle the contribution of individual808

components of our pipeline, as suggested by the reviewers. We also introduce a hallucination audit to quantify809

factuality in generated reports. Across all analyses, the proposed configuration consistently achieves the best810

balance between temporal coherence, semantic accuracy, and robustness against hallucinations.811

D.1. Contribution of Temporal Modeling812

To evaluate the role of temporal modeling, we replaced the ViViT encoder with two simplified variants: (i)813

No-temporal (avgpool), where frame embeddings are averaged without sequential modeling, and (ii) Frame-814

shuffle, where the sequence of frames is randomly permuted before entering ViViT. Results in Table 4 show815

a clear degradation in performance when temporal structure is removed, confirming its necessity.816

Variant BLEU ↑ ROUGE-L ↑ BERT-F1 ↑

Proposed (ViViT) 0.67 0.83 0.76
No-temporal (avgpool) 0.59 0.75 0.69
Frame-shuffle (ViViT) 0.56 0.72 0.68

Table 4: Effect of removing temporal modeling. Higher values indicate better performance.

D.2. Backbone Variation817

We further investigated the impact of different frame-level encoders: Vision Transformer (ViT-B, proposed),818

ResNet-50, and Swin-T. Table 5 demonstrates that ViT-B yields the highest consistency and overall perfor-819

mance, confirming the advantage of transformer-based representations.820

Backbone Frame BLEU ↑ Frame ROUGE-L ↑ Frame BERT-F1 ↑ Clip BERT-F1 ↑

ViT-B (proposed) 0.73 0.86 0.81 0.76
ResNet-50 0.65 0.79 0.74 0.69
Swin-T 0.68 0.81 0.76 0.71

Table 5: Ablation on the frame encoder backbone.

D.3. Role of Semantic Signals821

To evaluate the impact of structured semantics, we removed object and verb inputs from the pipeline.822

Without these signals, the model produced frequent hallucinations (inventing instruments or actions not823

present in the video). Table 6 highlights the factuality gains obtained by injecting structured semantic824

information.825
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Variant Entity-Prec. ↑ UAR ↓ Temporal Violations ↓ Factuality ↑

Proposed 0.92 0.05 0.03 0.94
–Objects/Verbs 0.78 0.17 0.12 0.78
Vision-only 0.74 0.20 0.15 0.75

Table 6: Effect of removing semantic signals. Lower UAR and temporal violations are preferable, while
higher entity precision and factuality indicate more reliable outputs.

D.4. Clip Length Sensitivity 826

We varied the clip length (Nf = 16, 32, 48) to analyze its influence on performance. As shown in Table 7, 827

Nf = 32 provides the best trade-off between contextual information and robustness, justifying its selection 828

as the default configuration. 829

Clip length BLEU ↑ ROUGE-L ↑ BERT-F1 ↑

16 0.61 0.77 0.71
32 (proposed) 0.67 0.83 0.76
48 0.65 0.81 0.74

Table 7: Sensitivity to clip length.

D.5. Summary of Core Ablations 830

Table 8 summarizes the main ablations. The proposed two-stage robust configuration consistently achieves 831

the best results. 832

Variant BLEU ↑ ROUGE-L ↑ BERT-F1 ↑

Vision-only 0.51 0.71 0.66
GT captions 0.65 0.80 0.77
Generated captions 0.60 0.76 0.71
Robust (proposed) 0.67 0.83 0.76

Table 8: Summary of ablation results.

D.6. Hallucination Audit 833

To explicitly evaluate factuality, we introduce a hallucination audit measuring: 834

• Entity Precision (↑): proportion of correctly predicted instruments/targets. 835

• Unsupported Action Rate (UAR) (↓): percentage of actions not supported by ground-truth an- 836

notations. 837

• Temporal Violations (↓): number of phase-ordering inconsistencies. 838

• Factuality (↑): aggregated normalized score combining the above. 839

Results in Table 9 show that the proposed system drastically reduces hallucinations compared to simplified 840

baselines. 841
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Variant Entity-Prec. ↑ UAR ↓ Temporal Violations ↓ Factuality ↑

Proposed 0.92 0.05 0.03 0.94
–Objects/Verbs 0.78 0.17 0.12 0.78
Vision-only 0.74 0.20 0.15 0.75

Table 9: Hallucination audit on the validation set. Higher values of precision and factuality, and lower values
of UAR and temporal violations, indicate better factual reliability.

D.7. Metric Interpretation842

• To maximize: BLEU, ROUGE-L, BERT-F1, Entity Precision, Factuality.843

• To minimize: UAR and Temporal Violations.844

Overall, these results provide strong evidence that our full architecture is the most effective design for845

generating coherent and clinically reliable surgical reports.846

Appendix E. Extended Examples847

In addition to the sample in Section 4, further qualitative results are provided here. These include examples848

of frame- and clip-level captions under challenging conditions (e.g., occlusion, blur) and their corresponding849

GPT-generated summaries.850

Figures and text samples have been omitted from the main paper due to space limits, but are available851

here to illustrate the system’s robustness to imperfect detections.852

Appendix F. Frame Captions853

In this section are presented some generated caption examples. Despite the positive results presented in854

section 4, the model has trouble generating the word gallbladder and sometimes generates ”gallbloddger”855

instead as in the second example. This issue is likely due to tokenization, where the model may incorrectly856

split or merge tokens, leading to these small mistakes.857

858

Predicted: During phase carlot-triangle-dissection, the grasper is grasping the gallbladder, their bipolar is859

dissecting the cystic artery860

Target: During phase carlot-triangle-dissection, the bipolar is dissecting the cystic artery, the grasper is861

grasping the gallbladder862

863

Predicted: During phase gallbladder-dissection, the hook is dissecting the gallbloddger864

Target: During phase gallbladder-dissection, the hook is dissecting the gallbladder865

866

Predicted: During phase carlot-triangle-dissection, the grasper is retracting the gallbladder, this hook is867

present868

Target: During phase carlot-triangle-dissection, the grasper is retracting the gallbladder, the hook is present869

870

Predicted: During phase carlot-triangle-dissection, the grasper is retracting the gallbladder, those bipolar871

is coagulating the abdominal wall cavity872

Target: During phase carlot-triangle-dissection, the grasper is retracting the gallbladder, the bipolar is873

coagulating the abdominal wall cavity874

875

Predicted: During phase carlot-triangle-dissection, the grasper is retracting the gallbladder, this hook is876

dissecting the omentum877
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Target: During phase carlot-triangle-dissection, the grasper is retracting the gallbladder, the hook is dis- 878

secting the omentum 879

Appendix G. Report Example 880

Report example for the video V ID07 using GPT − 4 from open AI with the clip descriptions and the 881

prompt as input. 882

883

Report for VID07: 884

885

a 886

The surgical procedure initiated with the preparation phase, which lasted for a total 887

of 56 seconds. Initially, the grasper was engaged in retracting the gallbladder while 888

the hook was used to dissect the gallbladder. Following this, the clipper retracted the 889

omentum for 8 seconds. 890

The next phase was the Calot triangle dissection, which took an extended duration due to 891

the complexity involved. The hook was used to dissect the gallbladder while the grasper 892

helped in retracting the gallbladder. The dissection of cystic artery and cystic duct 893

was carried out multiple times during this phase. The grasper maintained a consistent 894

presence, assisting in retracting the gallbladder throughout. 895

The procedure moved on to the clipping and cutting phase which lasted for 117 seconds in 896

total. The grasper was utilised to retract the gallbladder while the clipper was engaged 897

in clipping the cystic artery and the cystic duct. The scissors were also used to cut 898

the cystic duct and artery. 899

Following this, the gallbladder dissection phase was carried out for a prolonged 900

duration. The hook dissected the gallbladder, and the grasper retracted the gallbladder 901

and the liver simultaneously. During this phase, the irrigator was also used to retract 902

the liver while the grasper was present. 903

The gallbladder packaging phase took 48 seconds. The grasper was engaged in packing the 904

gallbladder, and the liver was retracted. The specimen bag was handled by the grasper 905

during this phase. 906

The cleaning and coagulation phase took place next. The grasper was used to retract 907

the liver, the irrigator was employed to aspirate the fluid, and the bipolar was used 908

to coagulate the omentum. There were instances where the omentum was aspirated and the 909

abdominal wall cavity was irrigated. 910

The final phase was the gallbladder extraction, which lasted for 79 seconds. The grasper 911

was present throughout, the hook was used for gallbladder dissection, and the scissors 912

were used for handling the specimen bag. The procedure concluded with the extraction of 913

the gallbladder. 914

Appendix H. Additional Case Study: MESAD Dataset 915

To further test the robustness and generalizability of our framework, we extended the evaluation to the 916

MESAD dataset (available at: https://saras-mesad.grand-challenge.org/dataset/), which contains 917

robotic prostatectomy procedures performed with the da Vinci Xi system, both on real patients (MESAD- 918

Real) and on artificial anatomies for training (MESAD-Phantom). Unlike CholecT50, MESAD represents a 919

different surgical domain with distinct instruments and anatomical structures, providing a strong benchmark 920

for cross-domain validation. 921

Object Detection. The detector was fine-tuned to recognize new objects and actions specific to prosta- 922

tectomy, without retraining from scratch. Overall, the system achieved Precision = 0.9551, Recall 923
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= 0.9516, F1 Score = 0.9534, and Accuracy = 0.8403. Performance for shared instruments (e.g.,924

grasper, hook) remained high (F1 ∼0.98), while new domain-specific objects such as prostate and vas def-925

erens reached F1-scores of 0.81 and 0.78, respectively (Table 10). These results are comparable to those926

obtained on CholecT50, confirming the adaptability of the detector.927

Label Precision Recall F1 Score

Grasper 0.9795 0.9782 0.9789
Hook 0.9758 0.9873 0.9815
Liver 0.8909 0.9423 0.9160
Blood 0.8899 0.9281 0.9088
Prostate 0.8130 0.8342 0.8094
Vas deferens 0.8116 0.7467 0.7778

Table 10: Selected detection results on MESAD dataset.

H.1. Frame- and Clip-level Captioning928

We compared a vision-only baseline with robust models fine-tuned on noisy detector outputs. Results were929

slightly lower than in CholecT50 due to higher visual variability, but remained solid:930

• Frame-level BLEU improved from 0.60 (baseline) to 0.70 (robust).931

• Clip-level BLEU increased from 0.57 to 0.65.932

• BERT-F1 rose from 0.69 to 0.74.933

These outcomes confirm the same trend observed in CholecT50: progressively integrating semantic signals934

consistently improves performance across surgical domains.935

H.2. Structured Report Generation936

Full surgical reports were synthesized from clip-level captions using GPT-4 guided by structured prompts.937

Reports maintained temporal consistency and highlighted both instruments (e.g., grasper, scissors) and938

anatomy (e.g., prostate, bladder neck). Experts noted that the reports captured the main surgical flow with939

only occasional omissions in very short actions.940

H.3. Expert and Structured Evaluation941

We replicated the evaluation protocol used for CholecT50. Five urologists reviewed 20 reports (10 auto-942

matically generated and 10 manually written), rating them on a 1–5 scale for accuracy, completeness, and943

clinical utility. System-generated reports achieved mean scores of 4.1 for accuracy, 4.0 for completeness,944

and 4.1 for clinical utility, compared to 4.4, 4.3, and 4.4 for human-written reports.945

In parallel, a structured LLM-based evaluation provided complementary insights, rating the reports with946

4.3 for coherence, 4.4 for factuality, and 4.2 for coverage, significantly outperforming simplified baselines947

(e.g., vision-only: coherence 3.6, factuality 3.5, coverage 3.7).948

The convergence between expert assessments and structured model-based judgments further validates the949

clinical reliability of our framework and highlights its applicability to different surgical contexts.950

H.4. Example Report (MESAD, Patient 03)951

Structured Robotic Prostatectomy Report (MESAD-Real, Session 3): The procedure952

begins with the grasper and scissors used for tissue lifting and dissection. The bladder neck is then953

exposed, followed by prostate traction and dissection of the vas deferens, which is subsequently954

clipped and cut. During the anastomosis phase, the needle driver is used to reconstruct the urethral955

connection. Finally, the prostate is inserted into a retrieval bag and extracted. The report maintains956
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temporal consistency, includes key instruments (grasper, scissors, needle driver), and correctly 957

identifies the main surgical phases (dissection, clipping, anastomosis, extraction). 958

Results confirm that the framework generalizes effectively to a second, more complex surgical scenario. 959

Despite domain shifts and new action classes, detection, captioning, and reporting stages remain robust and 960

consistent. Both expert evaluation and structured LLM-based judgments show that the generated reports 961

are clinically meaningful, factually reliable, and scalable to diverse surgical contexts. 962

Appendix I. Expert and Structured Evaluation 963

To complement the quantitative experiments, we conducted a qualitative evaluation combining domain 964

expert assessment and a structured language-model-based analysis. 965

Domain Expert Review. Ten laparoscopic surgeons reviewed a balanced set of 20 reports (10 automat- 966

ically generated and 10 manually written), presented in random order to mitigate bias. Each report was 967

rated on a 1–5 scale across three criteria: accuracy, completeness, and clinical utility. Results show that 968

system-generated reports achieved mean scores of 4.3 for accuracy (vs. 4.6 for human-written reports), 4.1 969

for completeness (vs. 4.5), and 4.2 for clinical utility (vs. 4.4). While manual reports remain the gold stan- 970

dard, the small gap demonstrates that our framework produces outputs close to clinically acceptable quality. 971

Notably, experts also emphasized that the automatic reports were often more concise and less redundant, 972

which they considered advantageous for practical use. 973

Structured LLM-based Assessment. In parallel, we performed a secondary evaluation using a language 974

model as judge, following the same 1-5 rating scale but focusing on coherence, factuality, and coverage. Our 975

proposed configuration achieved mean scores of 4.4 in coherence, 4.5 in factuality, and 4.3 in coverage, 976

clearly outperforming simplified baselines (e.g., vision-only variant: coherence 3.6, factuality 3.5, coverage 977

3.7). 978

The convergence between expert evaluations and structured model-based judgments strongly indicates that 979

our pipeline generates reports that are both clinically meaningful and factually reliable. This dual validation 980

reinforces the robustness of the proposed design and underlines its potential for real-world surgical reporting 981

applications. 982

Appendix J. Models Parameters 983

a 984

--------------------------------------------------------------------------------------------------------------------------------985

Object Detector 986

--------------------------------------------------------------------------------------------------------------------------------987

Layer (type) Output Shape Param # 988

================================================================ 989

ViTModel-1 [-1, 196, 768] 85207296 990

Linear-2 [-1, 21] 16149 991

================================================================ 992

Total params: 85223445 993

Trainable params: 85223445 994

Non-trainable params: 0 995

--------------------------------------------------------------------------------------------------------------------------------996

a 997

--------------------------------------------------------------------------------------------------------------------------------998

Frame Captioner 999

--------------------------------------------------------------------------------------------------------------------------------1000

Layer (type) Output Shape Param # 1001
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================================================================1002

ViTModel-1 [-1, 196, 768] 863892481003

Linear-2 [-1, 196, 512] 3937281004

DistilBertModel-3 [-1, 64, 768] 663628801005

Linear-4 [-1, 64, 512] 3937281006

Fusion-5 [-1, 260, 512] 01007

T5ForConditionalGeneration-6 [-1, num tokens, 32128] 605066241008

================================================================1009

Total params: 2140462081010

Trainable params: 2140462081011

Non-trainable params: 01012

--------------------------------------------------------------------------------------------------------------------------------1013

a1014

--------------------------------------------------------------------------------------------------------------------------------1015

Clip Captioner1016

--------------------------------------------------------------------------------------------------------------------------------1017

Layer (type) Output Shape Param #1018

================================================================1019

VivitModel-1 [-1, 3137, 768] 892369921020

Linear-2 [-1, 3137, 768] 5905921021

DistilBertModel-3 [-1, 4096, 768] 663628801022

Linear-4 [-1, 4096, 768] 5905921023

Fusion-5 [-1, 7233, 768] 01024

T5ForConditionalGeneration-6 [-1, num tokens, 32128] 2481684481025

================================================================1026

Total params: 4043589121027

Trainable params: 4043589121028

Non-trainable params: 01029

--------------------------------------------------------------------------------------------------------------------------------1030

1031
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