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Abstract. Early screening via colonoscopy is critical for colon cancer
prevention, yet developing robust AI systems for this domain is hin-
dered by the lack of densely annotated, long-sequence video datasets.
Existing datasets predominantly focus on single-class polyp detection
and lack the rich spatial, temporal, and linguistic annotations required
to evaluate modern Multimodal Large Language Models (MLLMs). To
address this critical gap, we introduce Colon-Bench, generated via a novel
multi-stage agentic workflow. Our pipeline seamlessly integrates temporal
proposals, bounding-box tracking, Al-driven visual confirmation, and
human-in-the-loop review to scalably annotate full-procedure videos. The
resulting verified benchmark is unprecedented in scope, encompassing
528 videos, 14 distinct lesion categories (including polyps, ulcers, and
bleeding), over 300,000 bounding boxes, 213,000 segmentation masks,
and 133,000 words of clinical descriptions. We utilize Colon-Bench to
rigorously evaluate state-of-the-art MLLMSs across lesion classification,
Open-Vocabulary Video Object Segmentation (OV-VOS), and video
Visual Question Answering (VQA). The MLLM results demonstrate sur-
prisingly high localization performance in medical domains compared
to SAM-3. Finally, we analyze common VQA errors from MLLMs to
introduce a novel "colon-skill" prompting strategy, improving zero-shot
MLLM performance by up to 9.7% across most MLLMs. The dataset and
the code are available at https://abdullahamdi.com /colon-bench
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1 Introduction

Colon cancer is the second leading cause of cancer death worldwide [24], and many
of these deaths are preventable with early screening and removal of precancerous
lesions; however, colonoscopy remains expensive, invasive, and logistically difficult
to arrange, requiring specialized clinicians and often long procedures (up to two
hours) that increase facility and staffing costs. Automated AI analysis promises
to ease these burdens, but lesions are sparse and frequently obscured by motion
blur, occlusion, debris, stool, or fluids, and by camera contact with the colon wall,


https://abdullahamdi.com/colon-bench

2 H. Abdullah et al.

Table 1. Comparison of Colonoscopy Datasets. Relative to prior datasets that
emphasize single-class polyp detection or anatomical segmentation, Colon-Bench pro-
vides a broader lesion taxonomy and richer supervision. It combines long-sequence
coverage with dense boxes, masks, and clinical text, enabling multi-task evaluation
across detection, video segmentation, and language-based understanding.

Attribute | Kvasir-SEG [14] SUN [20] PolypGen [I] REAL-Col. [3] CAS-Col. [23] Colon-Bench (Ours)
Year ‘ 2020 2021 2023 2024 2025 2026

Focus Segmentation  Detection Segmentation Detection Anatomy Lesion, Video Seg., & Text
Number of Videos | N/A N/A N/A 60 (Full-Procedure) 78 (Clip) 528 (Clip)

Total Frames/Images 1,000 158,690 6,282 2,757,723 1,961,100 464,035

Lesion Classes ‘ 1 (Polyp) 1 (Polyp) 1 (Polyp) 1 (Polyp) N/A 14 (Bleeding, Polyps, ...)
Bounding Boxes N/A 158,690 6,282 351,264 N/A 300,132
Segmentation Masks ‘ 1,000 N/A 6,282 N/A Yes 213,067

Language Descriptions N/A N/A N/A N/A N/A Yes (133k Words)

making dense visual analysis challenging. Moreover, manual dense annotation
of colonoscopy videos is labor-intensive and inconsistent, which motivates our
work on a scalable, affordable pipeline for dense colonoscopy video annotation,
facilitating Al research, evaluation, and applications in colonoscopy.

To address the visual challenges of colonoscopy videos, recent methods special-
ize architectures for pixel-level precision and subtle lesion identification [28,17].
Because procedures are long, efficient spatiotemporal analysis is also critical;
state-space models [25] and token merging [27] have been introduced to capture
long-range dependencies while reducing redundancy. Many methods rely on self-
supervised pretraining [15] or use limited annotated examples with text [13],
bounding boxes [7,16], or segmentation masks [14,7]. These workarounds highlight
the gap our work addresses: the need for a comprehensive, densely annotated,
long-sequence dataset to ground spatiotemporal analysis of real colonoscopies.

REAL-COLON [3] introduced 60 long colonoscopy sequences labeled with
351,264 polyp bounding boxes, while CAS-COLON |[23] provides anatomical
temporal classification over 78 videos, 9 hours, and around 2 million images.
Other datasets are either too small for comprehensive training and evaluation [19]
or large but limited in task scope and lesion diversity [14,20,19,1]. EndoBench [18],
a contemporary related work, evaluates static-image VQA in general endoscopy.
As Table 1 shows, Colon-Bench provides dense lesion annotations with text
descriptions and segmentation mask tracklets across diverse video clips, enabling
benchmarks for Video Question Answering, lesion clip classification, and Open-
Vocabulary Video Segmentation in colonoscopy videos.

Large Language Models (LLMs) [21,11] and foundational vision-language
models [22] have accelerated Multimodal Large Language Models (MLLMs) for
complex visual reasoning [2,8,10,12,11]. Despite strong zero-shot performance in
general domains, their ability to interpret long, occluded, noisy medical sequences
remains largely untested, motivating Colon-Bench as a systematic benchmark for
colonoscopy video understanding. Recent work on agentic MLLM pipelines for
long-form videos [9,26] and hybrid automatic labeling with human verification
for large medical image datasets 6] further motivates our pipeline in Fig. 1.
Contributions: (i) We introduce a novel, multi-stage agentic workflow for
dense annotation of full-procedure colonoscopy videos. By combining temporal
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Fig. 1. Colon-Bench Annotation Pipeline. Overview of the multi-stage agentic
workflow used to build the dataset, from VLM proposal generation through verification,
spatial tracking, AI confirmation, and clinician review. The accepted annotations support
multiple video tasks: Visual Quesion Answering (VQA), binary lesion classification, and
Open-Vocabulary Video Object Segmentation (OV-VOS).

proposals, bounding-box tracking, Al-driven confirmation with visual cues, and
an efficient human-in-the-loop review interface, our pipeline reduces manual
labor while yielding high-quality spatial, temporal, and textual annotations. (ii)
We present a comprehensive, multi-task video benchmark (Colon-Bench) for
colonoscopy understanding. Spanning 14 distinct lesion categories (including
polyps, bleeding, and ulcers), it includes over 464k frames, 300k bounding boxes,
213k segmentation masks, and 133k words of clinical descriptions, all verified
by humans and an experienced surgeon. It supports four rigorous evaluation
tasks: binary lesion classification, Open-Vocabulary Video Object Segmentation
(OV-VOS), and two difficulty tiers of Video Visual Question Answering (VQA).
(iii) We conduct a large-scale evaluation of lesion-focused colonoscopy visual
reasoning and localization in frontier MLLMs. By analyzing cross-model error
patterns, we propose a novel “colon-skill” that defeines a textual guidance prompt,
improving most MLLM performance by up to 9.7% without additional training.

2 Methodology

2.1 Agentic Workflow for Colonoscopy Annotation

Automatic annotations with quality control. As illustrated in Fig. 1, we
built dense colonoscopy annotations by applying a multi-stage agentic pipeline
to 60 REAL-COLON videos [3]. An initial vision-language model proposed 1,325
candidate lesion windows (22.97 hours), which were progressively refined by verifi-
cation filtering, EdgeTAM [29] bounding-box tracking, cued AT confirmation using
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Table 2. Annotation Pipeline Stages. We show Colon-Bench annotations after each
major processing stage. As automated filters and human review progressively discard
false-positive windows (reducing total frames), the temporal precision, F1 score, and
specificity of the automatically identified lesions demonstrably increase on the surrogate
polyp labels of REAL-COLON [3] (polyps are one type of lesion in Colon-Bench).

Initial VLM| + verification + Cued AI Final Human-

Metric Proposals |Agent Filtering|Confirmation Agent|Curated Annots.
Total Windows 1,325 903 597 528
Total Frames 826,763 648,440 492,606 464,035
Duration (Hours) 22.97 18.01 13.68 12.89
Total Bounding Boxes - - 314,408 300,132
Total Seg. Masks - - 227,343 213,067
Total Clinical Words - - 145,515 133,289
Precision 30.9 36.2 53.1 55.4
Recall 67.5 68.7 48.8 48.6

F1 Score 42.4 474 50.8 51.8
Specificity 78.6 82.9 93.9 94.4

lesion-box overlays, and final human review (Table 2). Tracking and AI confirma-
tion produced the spatial annotations (over 314k initial bounding boxes) while
pruning weak temporal boundaries. Stage-wise evaluation on REAL-COLON
surrogate polyp labels shows that the automated Al stages provide the main
precision, F1, and specificity gains; because many Colon-Bench categories (ulcers,
bleeding, angiectasia, etc.) are absent from REAL-COLON, these labels serve as
quality control rather than exhaustive recall targets. Motivated by Gemini-3’s
recent medical-domain performance [4], we used Gemini-2.5-flash-lite for propos-
als, Gemini-3-pro for video verification, and Gemini-3-flash for bounding boxes,
balancing performance and cost (Table 3).

Human review. Human review served as the final quality gate. To enable
efficient review at scale, the pipeline pre-rendered short clips with spatial overlays
into an interactive web interface. A reviewing physician rejected only 69 of the
597 presented windows (11.6%), demonstrating strong agreement with the Al
filters. Ultimately, the pipeline retained 528 curated windows (39.8% retention)
spanning 464,035 frames. The final dataset yields a dense, multi-modal benchmark
comprising 300,132 bounding boxes, 213,067 segmentation masks, and over 133k
words of verified clinical text (averaging 252.4 words per window).

Lesion types. The dataset spans 14 lesion categories identified through multi-
label keyword matching over clinician-verified text fields (Fig. 2). The distribution
is heavily long-tailed: sessile polyps dominate (411 windows), followed by bleed-
ing (252), ulcers (160), and erythematous lesions (112). Because Colon-becnh
descriptions are free-form text (one window can have multiple lesions), a single
review window may contribute to more than one category.

2.2 Colon-Bench Evaluation Benchmark

Filtering. Colon-Bench is a multi-task video benchmark for colonoscopy un-
derstanding comprising 1,597 clips from 60 patients (955,126 frames), spanning
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Fig. 2. Lesion Category Distribution. Long-tailed lesion category distribution in
Colon-Bench, highlighting the diversity of lesions.

five tasks: binary classification (790 clips), detection (272 clips, 61,538 per-frame
bounding boxes), instance segmentation (264 clips, 57,550 per-frame masks), and
VQA at two difficulty tiers. The binary lesion classes and segmentation masks
follow directly from Sec. 2.1 to establish the first colonoscopy Open-Vocabulary
Video Object Segmentation (OV-VOS) benchmark.

VQA (prompted & unprompted) . The prompted VQA split contains 1,485
five-choice questions over 499 clips whose videos include bounding-box overlays
on confirmed lesion windows; the unprompted split contains 2,740 questions
over 918 clips rendered from raw frames, fully encompassing all detection and
segmentation videos. Across both splits the questions are dominated by lesion
type (39%,/43%, prompted /unprompted), color & surface appearance (38%/44%),
and anatomical location (30%/35%), followed by morphology (20%/20%), with
explicit temporal references largely confined to the prompted split (59% vs. 2%).
For instance, an unprompted question for the clip in Fig. 3 first row asks: “How
is the morphology and anatomical location of the identified lesion described?”
with distractors spanning pedunculated, depressed, and flat lesions at various
anatomical sites; the correct answer is (D) a sessile polyp on a haustral fold.

Debiasing Colon-Bench. For each clip, three five-way MCQs are generated
with Gemini-3, covering lesion identification, clinical characteristics, and tem-
poral reasoning. To mitigate text-only shortcuts, we apply two-stage debiasing;:
(i) adversarial distractors are regenerated in a separate LLM call receiving only
the stem and correct answer; (ii) a blind text-only stress-test identifies and reverts
any newly introduced bias. Post-debiasing blind accuracy is 44.6% (prompted)
and 37.1% (unprompted) vs. the 20% random baseline, with residual margins
reflecting dataset priors rather than surface cues. Up to 10% of the VQA pairs
were manually checked by the authors after debiasing with 98% correctness.

Baselines. Methods reported in this work include a set of Multimodal Large
Language Models (MLLMs) such as different variants of GPTs, Gemini, Qwen,
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Table 3. Colon-Bench Combined Results. Summary of model performance across
the four benchmark tasks: visual prompted and unprompted video Visual Question
Answering (VQA) accuracy (with visual box prompts and without them), binary lesion
classification precision/recall/F1, and open-vocabulary video segmentation IoU/Dice.
The video segemtnation is based on 3 box detections for each MLLM prompting the
same EdgeTAM tracker [29]. Best scores per metric are shown in bold.

VQA Accuracy Lesion Cls. Segmentation

Model Prompted Unprompted Precision Recall F1 IoU Dice
CLIP [22] - - 34.5 100 51.3 - -

ViCLIP [26] - - 34.8 98.5 514 - -

Endo-CLIP [13] - - 41.9 95.2  58.2 - -

Colon-ViCLIP [26] - - 49.0 84.2  62.0 - -

SAM 3 [5] - - - - - 2.5 2.9
GPT-40 - - - - - 0.5 0.8
Claude Opus 4.6 - - - - - 16.1 20.5
GPT-5.2 - - - - - 30.7 36.5
GPT-5.4 - - - - - 34.5 41.1
Qwen3-VL 8B 32.9 38.3 344 100 51.2 104 13.1
Seed 1.6 Flash 38.1 45.4 94.2 24.3 386 2.6 3.5
Qwen-VL Max 39.1 45.4 0.0 0.0 0.0 25.6 29.6
Qwen3-VL 32B 39.3 44.4 0.0 0.0 0.0 127 15.9
Qwen3.5 Plus 44.3 60.5 36.2 246 293 16.7 21.0
Molmo 2-8B 46.1 53.4 52.9 46.7  49.6 2.6 3.8
Qwen3-VL 235B 46.7 56.6 22.2 0.7 14 136 16.9
Gemini 2.5 F. Li. 47.8 46.8 42.3 95.9 58.7 199 24.3
Qwen3.5 397B 49.0 60.1 10.0 0.4 0.7 16.6 21.0
GLM-4.6V 55.7 53.8 46.5 94.1 622 12,5 16.1
Seed 1.6 62.9 72.0 85.0 58.7 694 12.6 16.1
Gemini 3.1 F. Li. 69.2 67.7 72.6 90.8 80.7 37.4 43.4
Gemini 3 Flash 76.6 76.0 55.3 97.1 70.5 48.3 54.7
Gemini 3 Pro 78.6 82.5 66.1 93.0 773 45.0 51.3

Seed, GLM, and Molmo [21,2,8,10,12,11]. Also we report (for some corresponding
benchmarks) SAM-3 [5], CLIP [22], Video CLIP (ViCLIP) [26] and its fine-tuned
version on Colon-Bench text (Colon-CLIP), and a recent model Endo-CLIP [13].
Modles that do not have video API support (E.g. GPT-series) are only evluated
on the segemntation task. All models in segemtnation (Except SAM-3) are based
on 3-frame box detections prompting EdgeTAM tracker [29].

2.3 Colon-Bench Results

Table 3 reveals a clear performance hierarchy across all four Colon-Bench tasks.
Gemini 3 Pro and Gemini 3 Flash consistently dominate, achieving the highest
VQA accuracy on both prompted and unprompted splits and the best segmenta-
tion quality (IoU/Dice of 45-48%/51-55%), while Gemini 3.1 Flash Lite leads in
classification F1 (80.7%). Among open-weight models, Seed 1.6 is the strongest
overall, ranking third in VQA and delivering competitive classification F1 (69.4%)
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Fig. 3. Qualitative Comparisons. The first row shows detection (Sessile Polyp); the
remaining rows show segmentation (Sessile Polyp & Erythematous Region). Columns
show the input, ground truth, and model outputs. SAM-3 underperforms compared to
modern MLLMs when paired with a prompted tracker such as EdgeTAM [29].

Colon-Bench Segmentation Benchmark

60 == Mean loU mmm Mean Dice

Score (%)

3.8
2.6 2529 oo

Gemlnl 3 Gemini 3Gemini 3.1 GPT-5.4 GPT-5.2 Qwen-VL Gemini 2.5Qwen3.5 Claude Qwen3 VLQWenB -VL Seed 0wer|3 -VL Molmo SAM GPT-40
Pro  Flash Lite Max  FlashLite 397B Opus4.6 2358 2B 3

*}Q@@v‘;}ﬁ%ﬁv’;hll“’;.m@

Fig. 4. Multi-Modal Large Language Models for Lesion Segmentation. Video
object segmentation results on the 272-video benchmark, where MLLMs [21,2,8,10,12,11]
first localize the target lesion with 3 bounding boxes and a EdgeTAM tracker [29]
propagates masks.

with the highest precision among full-benchmark models (85.0%). The Qwen
family shows mixed behavior: larger variants (Qwen3.5 397B, Qwen3-VL 235B)
perform well on VQA yet nearly collapse on classification (R < 1%, F1 < 2%), sug-
gesting they default to the majority (negative) benign class rather than detecting
lesion presence. For segmentation, performance drops sharply beyond the top
three models. Overall, our Colon-Bench demonstrates how these strong MLLM
models can be used for lesion detection in short clips, beating specialized models
like Endo-CLIP [13] by 30%. For the task of open-vocabulary lesion segmentation
in video clips, an MLLM like GPT-5.4 (when combined with box-promptable
EdgeTAM tracker [29]) beats SAM-3 [5] by 32.0% mloU (see Fig. 4).
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Baseline vs Colon-Skill — Prompted VQA
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Fig. 5. Colon-Skill. Skill-augmented prompting on the prompted VQA split, where a
distilled error-based skill context yields consistent accuracy improvements.

3 Analysis and Insights

3.1 Colon-Skill for MLLMs

To test whether Multimodal Large Language Models (MLLMSs) benefit from
structured domain knowledge at inference time, we use a two-stage skill-extraction
and prompt-augmentation pipeline. First, we collect per-model VQA predictions
on the full benchmark and stratify errors by lesion category (Fig. 2), retaining
only questions that a majority of models answer incorrectly. These shared failure
cases, along with their question/answer context and category metadata, are fed
to a frontier large language model which synthesises a concise, natural-language
Colon-Skill: morphological cues, common confusion traps, and a decision checklist
tailored to colonoscopic VQA. Second, we prepend this Colon-Skill to every VQA
prompt and re-evaluate all models under identical conditions, yielding consistent
improvements up to +9.7% (Fig. 5). This suggests that distilling cross-model
error patterns into structured textual guidance is an effective, training-free way
to improve MLLM performance on specialised medical VQA tasks, particularly
when models can integrate the added context.

3.2 Ablation Study

Effect of frame count on segmentation. Increasing the number of input
frames for detection yields steady gains in downstream segmentation quality.
For instance, expanding the context from 1 to 7 frames boosts the mean IoU of
Gemini 3 Flash from 43.1% to 54.4% (mDice: 48.8% to 61.5%), and similarly
improves Qwen-VL Max from 19.7% to 33.7% mloU. However, this comes with
a significant cost as these are per-window detections. We pick 3 equally-spaced
frames per window as a good trade-off in all of our segmentation results.
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Temporal context in VQA. Evaluating temporal context on the prompted
VQA split showed that full video generally outperforms single-frame inputs,
though the degree of impact is model-dependent. Restricting the input to a single
frame reduced accuracy for Qwen3.5 397B (—7.0%), Qwen-VL Max (—3.4%),
and Gemini 3 Flash (—2.5%). This highlights the importance of using videos
instead of images used in previous polyp detection benchmarks.

4 Conclusions

We presented Colon-Bench, a novel agentic workflow and a comprehensive multi-
task benchmark for full-procedure colonoscopy video understanding. By scalably
and densely annotating 14 distinct lesion categories with masks, bounding boxes,
and clinical text, we demonstrated that state-of-the-art MLLMs excel at high-
level colonoscopy reasoning and spatial grounding with engineered context and
agentic workflows.
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