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Abstract

We introduce Trauma THOMPSON, a dataset and suite of
benchmarks designed to accelerate the development of Al-
powered copilots for real-time decision-making in emergency
and resource-limited medical settings. This work proposes a
method to address a critical bottleneck for future deployment:
models trained on simulations may not perform well in the
real world. The dataset features 3,717 unscripted, first-person
video clips of five emergency procedures, uniquely includ-
ing “just-in-time” (JIT) interventions that mirror the impro-
visational nature of field medicine. To obtain realistic patient
data without ethical issues and identity concerns that medical
data often encounter, we also propose TraumaGen, a novel
framework for generating photorealistic patient and wound
images from manikins while preserving clinical context. We
establish benchmarks for action recognition, anticipation, and
visual question answering (VQA), evaluating state-of-the-art
models to demonstrate the challenges and potential of our
dataset. By focusing on realism and improvisation, Trauma
THOMPSON provides a crucial resource and a clear path to-
ward developing and validating robust Al assistants for future
deployment in real-world emergency care.

Datasets — https://doi.org/10.7910/DVN/V5BTRU

Introduction

Providing high-quality medical care in remote, disaster-
stricken, and combat environments is challenging due to
limited expertise, scarce resources, and unreliable connec-
tivity (Wachs, Kirkpatrick, and Tisherman 2021). First re-
sponders often have minimal training yet must manage com-
plex cases with constrained resources, increasing the risk of
poor outcomes (Stewart and Bird 2022; Shackelford et al.
2021). To support medics during real-time treatment, Al
copilots leveraging advances in generative models have been
proposed (Bahl 2020; Liu et al. 2018; Al-Antari 2023; Dil-
sizian and Siegel 2014; Hamet and Tremblay 2017; Dinh
et al. 2023; Mirchi et al. 2020; Vannaprathip et al. 2025; Ca-
ballero et al. 2025).

Most Al assistants are designed for operating rooms
(OR) (Novaes and Basu 2020) or tested under laboratory
conditions (Rojas, Couperus, and Wachs 2020; Xu, Islam,
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and Ren 2022), but these assumptions rarely hold in field
medicine. When standard tools are unavailable, daily objects
may be repurposed for care—for instance, tearing cloth-
ing to stop bleeding. While “just-in-time” (JIT) training im-
proves outcomes (Patocka et al. 2024; Branzetti et al. 2017),
little is known about training Al assistants for such condi-
tions. Extending copilots beyond the OR into emergency and
resource-limited environments remains a challenge.

A major gap is that current models cannot interpret visu-
ally complex settings or recognize improvised tools, such as
belts as tourniquets or scissors as scalpels. Advanced com-
puter vision could help Al identify injuries, recognize com-
mon objects, and suggest their use as JIT medical tools. The
“simulation-to-reality” gap further limits progress: due to
scarce patient data, most models are trained on manikins
or simulators that lack diversity in anatomy, skin tone, and
wounds, creating uncertainty about real-world safety.

To address these gaps, we introduce the Trauma THOMP-
SON Dataset (TTD), a collection of annotated video clips
for developing Al copilots in low-resource and emergency
care. To our knowledge, TTD is the first dataset of this scale
and scope for field medicine. We also present TraumaGen,
a method for realistic trauma scene generation. Figure 1 il-
lustrates our experimental pipeline. In summary, this paper
makes the following contributions.

1. Trauma THOMPSON Dataset (TTD): We introduce the
first egocentric dataset for operational medicine, captur-
ing field medics performing life-saving procedures in
resource-constrained environments. The dataset covers
both standard procedures with medical tools and JIT pro-
cedures using improvised objects, enabling rigorous test-
ing of domain generalization.

Benchmarks for AI Copilots: TTD provides benchmarks
for action recognition, anticipation, hand tracking, object
detection, and visual question answering (VQA). In par-
ticular, VQA benchmarks highlight the potential for clin-
ical decision support through natural dialogue.

. Trauma Scene Generation (TraumaGen): We propose
a method to generate photorealistic trauma scenes of
real patients from manikin data, helping bridge the
simulation-to-reality gap and improving the applicability
of Al systems in real-world emergency care.
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Figure 1: Overview of the experimental pipeline.

Related Work

Egocentric Activity Recognition and Surgical
Datasets

Video understanding has advanced through benchmarks
such as UCF101 (Soomro, Zamir, and Shah 2012),
HMDB51 (Kuehne et al. 2011), Kinetics (Kay et al. 2017),
Something-Something (Goyal et al. 2017), and AVA (Gu
et al. 2018), which mainly consist of short, scripted clips of
single actions. To capture more realistic activities, research
shifted toward first-person vision. Early efforts include daily
living datasets (Pirsiavash and Ramanan 2012), cooking-
focused EGTEA Gaze+ (Li, Liu, and Rehg 2020), and
EPIC-KITCHENS, a large-scale egocentric cooking dataset
(Damen et al. 2018).

In surgery, datasets have been developed for proficiency
and skill evaluation (Gao et al. 2014; Tao et al. 2012; Gon-
zalez et al. 2021), while instructional videos for life-saving
skills were suggested to train Al (Gupta, Attal, and Demner-
Fushman 2023). However, most were collected in controlled
environments using planned procedures or simulations.

Action Recognition and Anticipation

Human actions have been represented using visual (RGB,
skeleton, depth, event streams) and non-visual (audio, mo-
tion, radar, WiFi) modalities. Despite challenges from view-
point and illumination changes, RGB video remains the
dominant modality (Sun et al. 2023). Deep learning ap-
proaches span CNNs, RNNs, and vision transformers (ViT)
(Yang et al. 2022; Ulhaq et al. 2022), with ViTs gaining
prominence due to attention mechanisms. Beyond recogni-
tion, anticipating future actions is critical for Al copilots, in-
cluding early recognition, next-action prediction, and long-
term anticipation (Roy, Rajendiran, and Fernando 2023).
Recent work explores multimodal methods and large lan-
guage models (LLMs) (Kong and Fu 2022; Yan et al. 2024;
Xiang et al. 2023; Dessalene et al. 2023).
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Medical VQA Datasets

Medical VQA has been studied through datasets such as
VQA-MED (Hasan et al. 2018; Abacha et al. 2019, 2020;
Ben Abacha et al. 2021), PathVQA (He et al. 2020), VQA-
RAD (Lau et al. 2018), RadVisDial (Kovaleva et al. 2020),
and SLAKE (Liu et al. 2021), which focus on medical im-
ages (CT, MRI, x-ray, ultrasound). VQA shows promise as
a CDS tool by mimicking sequential diagnostic reasoning
(Kim et al. 2024; Xu et al. 2024). However, progress is lim-
ited by scarce, diverse data (Antoniadi et al. 2021), espe-
cially in resource-limited settings where VQA could signif-
icantly enhance life-saving care.

Figure 2: Examples of JIT video clips.

Our Work: Egocentric Operational Medicine
Dataset

Table 1 compares the TTD to common egocentric view and
medical instructional datasets and presents key metrics that
distinguish the TTD as the first egocentric view emergency
procedure dataset with per-frame annotations.

The TTD has a similar structure as other egocentric
datasets for action recognition and anticipation, such as
EPIC KITCHENS (Damen et al. 2018), GTEA (Fathi, Ren,
and Rehg 2011) and EGTEA Gaze+ (Li, Liu, and Rehg
2020), and Charades-Ego (Sigurdsson et al. 2018), with the
following caveats. Firstly, the hands are not always visible
or distinguishable due to artificial blood, occlusions, and
multiple limbs, which makes it more challenging for detec-
tion and tracking. Secondly, some of the videos are taken



Dataset Ego Med  Austere Frames No. Act Participants ~ No. Envs
TTD, 2025 v v v 0.7M 162 12 15
EgoExOR, 2025 (Ozsoy et al. 2025) v v X 85K 22 Verb + 36 Noun 12 2
EgoSurgery-Phase, 2024 (Fujii et al. 2024) v v X 28K 9 8 10
Evls-Kitchen, 2024 (Hao et al. 2024) v X X 4527 Videos 35 Verb + 56 Noun 12 12
EPIC-KITCHENS, 2018 (Damen et al. 2018) v X X 11.5M 149 32 32
Ego-SLD, 2025 (Ali et al. 2025) v X X 892 videos 16 12 12
BEOID, 2014 (Damen 2014) v X X 0.1IM 34 5 1
GTEA, 2011 (Fathi, Ren, and Rehg 2011) v X X 0.4M 42 13 1
CMU-MMAC, 2008 (de la Torre et al. 2008) v X X 0.2M 31 16 1
ADL, 2012 (Pirsiavash and Ramanan 2012) v X X 1.0M 32 20 20
ESAD, 2020 (Bawa et al. 2020) X v X 0.03M 21 4 4
CholecT50, 2022 (Nwoye et al. 2022) X v X 0.1IM 100 13 13
MedVidCL, 2023 (Gupta, Attal, and Demner-Fushman 2023) X v X 1489 Videos 0 >100 >100
MRAO, 2021 (Schmidt et al. 2021) X v X 480 Videos 10 16 2
MISAW, 2021 (Huaulmé et al. 2021) X v X 27 Videos 17 6 1
PSI-AVA, 2022 (Valderrama et al. 2022) X v X 8 Videos 167 3 1
PETRAW, 2023 (Huaulmé et al. 2023) X v X 150 Videos 6 4 2

Table 1: Comparison of TTD to other egocentric and medical datasets. "Ego” denotes egocentric dataset. "Med” denotes medical
dataset. ”Austere” denotes low resource environments. "No. Act”” denotes number of action classes. ”No. Envs” denotes number

of environment settings.

“in the wild”, increasing the complexity due to uncontrolled
lighting. Thirdly, mistakes require rewinding and re-doing,
or stopping short while completing the procedures, leading
to highly variable style and performance time. Lastly, as op-
posed to existing datasets for surgical guidance and instruc-
tion, which rely on a standard medical tools, our dataset is
subject to emergency settings. The performers were first re-
sponders, medics, and surgeons, and the procedures were
conducted with improvised tools (e.g., using a shirt as a
tourniquet or a pocket knife for cricothyroidotomy) to repli-
cate a setting with limited resources, as shown in Figure 2.
This presents a challenge for algorithms that rely on object
detectors for activity recognition because the objects are un-
known in emergent settings.

Dataset
Annotation Pipeline

The annotations in the dataset consist of start timestamps,
end timestamps, and actions expressed as verb-noun pairs
for corresponding video clips. The expected output for test-
ing is the labels for the action, verb, and noun. Medical
professionals were responsible for annotating the data and
providing the timestamps and actions for each procedural
step. To reduce the possibility of errors in time stamping and
video segmentation, the annotations underwent peer review.

Data Quality Assurance

To ensure annotation accuracies, the actions in each proce-
dure are annotated by three medical professionals. One per-
son annotates and the other two people review the generated
annotations. As the annotations are estimates and there is
no precise way to ensure an absolute timestamp for each
procedure, we propose a method to compute the annota-
tion accuracy. Let ¢, be the actual timestamp and defined
as the average of timestamps from the annotator and the
reviewers. n,. is the number of reviewers. t,; is the times-
tamp from reviewer . t, is the timestamp from the anno-

tator. t, = m1+1 (>im tri + to). tas and 4. denote the
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actual start and end of each clip. ¢, and ¢, denote the orig-
inal start and end by the annotator. The annotation accuracy
of each clip is computed as the overlapping time between
the original and actual timestamps divided by the actual
clip duration. To compute the overlapping time, we define
tstart = mMax(tos,tes) and tepg = min(tee, tae). The clip
accuracy p; is computed as % The average annota-
2i1 (Pi*(tae—tas)) .

tion accuracy is computed as acc = S e —ta)

Just-In-Time Procedures

The dataset was also enhanced through the inclusion of
videos capturing JIT procedures involving improvised, non-
traditional equipment. Videos were obtained of users per-
forming improvised tourniquets (utilizing belts or clothing
and a screwdriver), tube thoracostomy (utilizing scissors for
incision and expansion of thoracostomy and a screwdriver to
guide insertion of the tube), needle cricothyroidotomy (re-
placing standard incision/tube with a needle for emergent
airway management), and manual intraosseous needle place-
ment (when the needle driver is not available or functional).

VQA Annotations

The medical VQA is derived from the egocentric video
dataset and includes additional annotations that contain
questions and corresponding plausible answers. Each ques-
tion in the VQA annotations contains 3 to 5 potential an-
swers. For example: Q: What limb is injured? A: Right arm;
Q: Where is the catheter insderted? A: There is no catheter;
A: Is there any bleeding? A: No.

Hand and Object Annotations

To annotate high-quality bounding boxes efficiently, the
human-in-the-loop approach is adopted, which combines
both manual annotation and automatic tracking. The bound-
ing boxes are created by manual selections of hands and ob-
jects in the videos every 10-30 frames and automatically an-
notated by CSRT trackers (Lukezi€ et al. 2018) between se-
lections. Left hand, right hand, and 12 medical tools are an-
notated. Teaching vision language models (VLMs) to track



hands and recognize objects is clinically significant, espe-
cially in high-stakes medical environments. Accurate hand
tracking enables Al assistants to assess procedural skills in
real-time, offering immediate feedback on bimanual coor-
dination and task execution (Azari et al. 2019; Mackenzie
et al. 2021). Meanwhile, integrating object detection with
natural language understanding allows clinicians to ask Al
assistants where specific tools are located, reducing cogni-
tive load and minimizing the risk of human error. Various
VLMs have demonstrated object detection capability (Feng
et al. 2025), such as Florence-2 (Xiao et al. 2023) and F-
VLM (Kuo et al. 2022), highlighting the potentials to train
unified VLMs that can perform various vision tasks to assist
medical procedures.

Dataset Class Distributions

The dataset comprises 220 videos demonstrating 5 medical
procedures and contains 3717 fully annotated video clips.
For action classes, the distribution is in accordance to real-
world scenarios, leading to a long-tailed dataset. The regu-
lar procedure includes 42 verb classes, 42 noun classes, and
124 action classes, while the JIT procedure includes 28 verb
classes, 32 noun classes, and 86 action classes.

Annotation Accuracy Statistics

Due to the large volume of the dataset, the reviewers were
requested to randomly review 60 videos in the dataset ac-
cording to the above-stated instructions. The temporal ac-
curacy is 99.4%, the label accuracies of actions, verbs, and
nouns are 97.2%, 97.2%, and 97.7%, respectively.

Realistic Frame Generation
Stability Metrics

To assess the robustness of our frame generation framework
and obtain best generated frame, we introduce two stability
metrics:

¢ Realism Stability (Sr): Measures the consistency of the
realism classifier’s outputs across multiple generations:

N
Rfl——ZV(Z %Zr(i) (1)
=1

where () € [0, 1] is the realism score for the i-th gener-
ated frame, and N is the batch size.

Semantic Stability (S¢): Quantifies the preservation of
clinical context during iterative refinements:

| X | X
—1_ e () )2 — ()
Sc=1 E (sim'”—p)*, p= E_l sim'" (2)

i=1

7|, whereT =

where sim? = cos(¢(Cs), gf)(ég))) is the caption simi-

larity for the ¢-th generation.

Composite Stability Score (CSS) The overall stability

combines both metrics through a weighted average:
S=ASg+(1-X)Sc, Xe]|0,1] 3)

where A controls the relative importance of realism ver-
sus semantic preservation.
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Algorithm 1: TraumaGen — Stability Aware Realistic Frame
Generation

Require: Source image Igs, VLM, generators Gy, G,
masking function M, realism metric R, stability weight
A, thresholds 6, 7, 75

Ensure: Optimal realistic output image [* or failure mes-

sage
1: Cg + VLM(Ig) > Generate initial caption
2: Cg + M(Cs) > Mask subject-specific terms
3: StabilityTracker <+ ) > Store (r(?, sim(*)
4: repeat
5: max._score <— —oo
6: fori¢1to N do _
7: 1 }}') +— Gu(Is,Cs) > Generate human patient
8: 11(32) +— Gw (Ig), Cs) > Generate wound
9. COF « VLM(IY),CY + M(CH)

10 sim® « cos(¢(Cs), qﬁ(ég)))

11: r() R(Ig)) > Realism score

12: score(® < Ar(®) 4 (1 — X\)sim® > Stability-aware

scoring

13: if score(”) > max_score then

14: max._score <— score(?)

15: I II(%Z) > Track current best image

16: end if ‘

17: StabilityTracker.append((r(*), sim®))

18:  end for _

19: 7 « mean({r®}N ), sim < mean({sim®}Y )

> Compute batch stability
20:  Sp1-— va L@ — > Realism stability
21 S+ 11— Z (51m(l — sim)? > Semantic
stability

22 S+ ASp+(1—-XN)S¢e > Composite stability

23:  if S < 75 then

24 Ac + LM(Cs, mode({C'P IV ) > Modal

semantic drift _

25: Cs + RefinePrompt(Cg, A¢)

26:  end if

27: until S > 74 > Stability threshold

28: if R(I*) > 7 and S > 7g then

29:  return [* > Return stable and realistic image

30: else

31:  return “Failure: Unstable or unrealistic generation”

32: end if

Algorithm for Realistic Frame Generation

Our stability-aware generation framework transforms a
source image (Ig) of a manikin into a photorealistic pa-
tient (/) while preserving clinical context through a multi-
stage process, as shown in Algorithm 1. Initially, a vision-
language model (VLM) generates a caption Cg for Ig,
which is processed by a masking function M to produce
a subject-neutral prompt Cg. The system then generates
a batch of NV candidate images through component-wise
synthesis: first applying human patient generation G g, fol-

lowed by wound generation Gyy. For each candidate I g),



we compute both realism scores () = R(Ig)) and seman-
tic similarity sim® = cos(¢(Cs), qS(CN'}({))) where CN'I(%) =
MVLM(IY).

The optimal image [* is selected by maximizing the
stability-weighted score Ar() + (1 — \)sim®), where A €
[0, 1] controls the realism-semantics trade-off. Batch stabil-
ity is evaluated through:

| X
= 1— — (1) _ %
S=A ( I lzzl |r r|>
N .
)

i=1
with 7 and p being batch means. The generation iterates
until S > 7g (stability threshold) and sim® > 0, refin-
ing Cs using semantic drift Ac = LM(C', mode({C}(;)}))
when needed. Implementations used ChatGPT-40 (VLM),
Flux.1-Kontext (Gg, Gw), and Qwen2.5 (LM). For all ex-
periments, we set A = 0.7 (favoring realism), 7¢ = 0.85
(stability threshold), § = 0.95 (semantic similarity thresh-
old), and N = 3 (batch size), with R requiring (¥ > 0.95
for photorealistic acceptance. For realism assessment, we
implemented a ResNet50 classifier R to differentiate real
patients from manikins, achieving 100.0% accuracy on our
hold-out test set.

+(1—A)<1_]1V

Figure 3: Realistic images generated through our Trauma-
Gen framework. Top row images are manikin/simulation and
the bottom row corresponds to generated images.

Realistic Frames

Our TraumaGen framework transforms clinical training im-
ages featuring manikins into photorealistic outputs with hu-
man patients as shown in Figure 3. The results demonstrate
our model’s ability to consistently generate medically rel-
evant details, such as complex wounds and active bleed-
ing. A key strength of our approach is the preservation of
the original context, such as background elements, medical
tools, and personnel, ensuring the clinical scenario is accu-
rately maintained. This highlights the controllability of our
method, which allows us to produce graphic yet necessary
medical content without triggering the content violation is-
sues commonly encountered with proprietary models.

Benchmark Results

Action Recognition and Anticipation

Evaluation Setups and Metrics All models were trained
using either only the regular data or a combination of both
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regular and JIT frames. They were evaluated under three
conditions: only regular procedures, only JIT procedures,
and the combination of both. For both standard and JIT
video operations, the dataset was split into training and test-
ing sets, with 80% of the videos used for training and 20%
for testing. Training was conducted using the RTX™ 4090
Ti GPU. A class-agnostic evaluation method, following the
approach in (Zhao et al. 2019), was used to measure model
accuracy. The models’ performance was evaluated using
Top-1 and Top-5 accuracy metrics for verbs, nouns, and full
actions (a combination of verb and noun).

Performance We trained both vision models (VMs) and
vision-language models (VLMs) for action recognition and
anticipation on regular and JIT procedures of the TTD
dataset. Pretrained weights were fine-tuned on TTD, with
random oversampling used for class balancing. Table 2 re-
port Top-1 and Top-5 accuracy for six models across three
testing settings.

For training on regular procedure and testing on regular
procedure, MViT v2 achieves the highest accuracy in both
recognition and anticipation, while TimeSFormer performs
worst. Performance drops sharply when models trained on
regular data are tested on JIT data: for recognition, MViT v2
reaches 14.49% Top-1, with TimeSFormer and LaViLa be-
low 1%; for anticipation, MViT v2 and Uniformer v2 drop
to 8% Top-1. This trend holds in the combined test set, indi-
cating that regular data alone is insufficient for generalizing
to JIT scenarios.

Training on combined data significantly improves JIT per-
formance. For recognition, Uniformer v2 attains the best
Top-1 accuracy, while MViT v2 leads in Top-5; for antic-
ipation, MViT v2 and Uniformer v2 consistently outper-
form other models. On the combined test set, MViT v2 re-
mains strongest, while TimeSFormer consistently ranks low-
est. These results highlight the benefit of diverse training
material for both recognition and anticipation tasks.

Overall, anticipation accuracy is lower than recognition,
particularly under JIT testing, reflecting the added challenge
of predicting future actions. Figures 4a—b illustrate MViT
v2’s confusion matrices, showing strong predictions on fre-
quent classes but lower accuracy on less common actions.

VQA

Table 3 compares the performance of 6 finetuned VQA
models of various sizes, ViLT-B/32 (Kim, Son, and Kim
2021), BLIP (Li et al. 2022), Florence2(Yuan et al. 2021),
LLaVA-v1.6-7B (Liu et al. 2023, 2024), Qwen2.5-VL-7B
(Bai et al. 2025), and Gemma3-4B (Gemma Team et al.
2025). LLaVA-v1.6, Qwen2.5-VL and Gemma3 are fine-
tuned with the QLoRA (Quantized Low-Rank Adaptation)
(Dettmers et al. 2023) approach for efficient adaptation
on a single GPU. BLIP demonstrated strong VQA skills
with a relatively moderate size, achieving the best accu-
racy of 88.64%. It was followed by Florence-2 with 87.86%
accuracy. LLaVa-v1.6 achieved an accuracy of 85.57%,
Qwen2.5-VL(7B) achieved an accuracy of 83.29%, and
Gemma3 achieved an accuracy of 72.04%. With 87 million
parameters, ViLT-B/32 provides a lighter option.



Task Train Test VideoSwin TimeSFormer VideoMAE Uniformer v2 MViT v2 LaViLa
Topl TopS Topl TopS Topl Top5 Topl TopS Topl Top5 Topl TopS
] Regular 45.10 [ 7452 3191 6281 4334 [ 7189 6047 | 8565 6559 [ 8975 4252  68.81
S Regular JIT 3.85 15.38 0.51 5.77 5.77 17.31 8.65 21.15 1449  35.20 0.96 9.62
2= Combined 34.60  66.71 27.70 5527 3837 64.68 53.62 @ 77.13 5858 « 82.08 3825  60.99
on
g Regular 4451 [7335°7 2942  63.69 48.61 [7306 6032 8419 6647 8907 | 40.17  66.67
~ Combined JIT 3942 70.19 3269 58.65 4423 6538 53.85 @ 80.77 5096 =« 90.38 37.71 63.84
Combined 43.84 = 7294 29.86 63.02 48.03 & 72.05 5947 @ 8374 6442 @ 88.82 3953 66.02
] Regular 39.88  69.24 2844 5997 4142 6924 5625 8470 60.12 8702 38.79  67.85
S Regular JT 3.16 7.37 3.16 7.37 2.11 8.42 5.26 23.16 8.42 22.11 1.05 8.42
s Combined 35.18 6132 2520 5323 3639 6146 49.73 | 76.82 53.50  78.71 3396  60.24
2 Regular  41.89  69.09 2674 6121 4405 6940 5795 8377 6074 | 8656 40.03  67.58
g Combined JIT 36.84  63.16 2421 5684 33.68 6842 4737 | 81.05 4842 | 8632 3564 61.96
Combined 4124 6833 2642 60.65 4272 6927 56.60 = 8342 59.16  86.52 39.65 66.73
Table 2: Performance comparison of action recognition and anticipation models on different train-test settings. represents
lower values, while represents higher values.
palpaitgsgrgdfmgﬁz 100 Model Accuracy (%) Vision Language
- VILT-B/32 79.88 Transformer-based BERT
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:ﬁ: é s = more procedural settings, such as more spontaneous acts and
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(b) Action anticipation.

Figure 4: Confusion matrices of action recognition and ac-
tion anticipation with MViT v2 on regular procedures.
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proved realistic frames. In the intricate field of humanitarian
medicine, such initiatives are essential for advancing the de-
velopment of Al medical assistants. Moreover, training uni-
fied VLMs that can support all surgical tasks will greatly
increase the clinical value of Al medical assistants.
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