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Abstract. Data scarcity is a persistent bottleneck for surgical Al, par-
ticularly when new instruments are introduced and few annotated record-
ings are available. In this work we investigate whether modern video-
generation “world models” can act as a synthetic data engine for surgical
tool localisation and tracking. We study two open-source backbones from
NVIDIA’s Cosmos family: the general-purpose Cosmos-Predict 2.5 and
the domain-adapted Cosmos-H-Surgical, and evaluate each on a curated
subset of CholecTrack20 under three regimes: zero-shot inference, LoRA
fine-tuning and full supervised fine-tuning. Generation is performed in
Video2World mode, conditioned on the first two frames of each clip and
a structured text prompt describing surgery type, phase, tools and tool
tracks. We evaluate the resulting clips along two complementary axes:
video quality (FVD, LPIPS and three VBench dimensions) and domain
quality for downstream perception, measured by running a YOLO-v7
tool detector on both real and generated videos and comparing bounding-
box consistency and per-frame track adherence at 10 fps. Across 367 test
clips, Cosmos-H-Surgical achieves the better distributional realism while
Cosmos-Predict 2.5 offers the better paired perceptual fidelity and the
strongest tool-track reproduction. Overall, world models can plausibly
render new surgical scenes, but faithfully reproducing instrument geom-
etry frame-by-frame remains substantially harder than matching global
video statistics.

Keywords: Surgical video synthesis - World models - Cosmos-Predict -
Surgical tool localisation - Synthetic data - CholecTrack20.

1 Introduction

Artificial intelligence (AI) systems require large volumes of high-quality data to
achieve robust performance, yet acquiring and curating such data in surgical
domains remains challenging. When a new instrument is introduced intraoper-
atively, collecting representative samples typically demands additional surgeon
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involvement or extensive post hoc analysis of recordings. This early-deployment
scarcity limits model performance and reduces generalization to novel scenes and
tools. Recent advances in Generative Al have improved the realism, physical
consistency, and temporal coherence of synthesized scenes, increasingly through
large-scale “world models” [2, 3, 9] trained on massive video datasets. Motivated
by this paradigm, we adopt Cosmos-Predict 2.5 [1], a 2B-parameter flow-based
model from NVIDIA’s Cosmos family that supports Text2World, Image2World,
and Video2World generation. As a domain-adapted baseline, we also use Cosmos-
H-Surgical [4], post-trained from Cosmos 2.5 with LoRA [5] on over 300k surgical
frames, which is expected to have a smaller domain gap to our target dataset.
We study surgical video synthesis on a variant of CholecTrack20 [8]. Both
world models generate clips in Video2World mode, conditioned on the first two
frames of the original clip, under three setups: zero-shot inference, LoRA train-
ing, and supervised fine-tuning (SFT). Our study has two parts: a qualitative
appreciation of the generated videos, and an empirical evaluation of whether
text-prompt control can place tools on trajectories similar to the original. The
goal is to enable re-generating data from similar surgical scenes but with differ-
ent tool trajectories. Our findings show that Cosmos-H-Surgical SF'T yields the
best scene realism, whereas Cosmos 2.5 SFT captures the best text conditioning
for tool bounding-box matching. This suggests that models already post-trained
on surgical data bridge the domain gap but begin to lose the physics and control
capabilities of the base model. Our work opens possibilities for better action
control and for estimating the data required for reliable surgical video synthesis.

2 Related Work

COSMOS / COSMOS-H-Surgical NVIDIA’s COSMOS-predict2.5 is an open-
source physical Al world model trained on over 200 million clips [1,2]. Like Ge-
nie3, it generates future frames from multi-modal controls, but focuses on physi-
cal worlds, especially for robotics and autonomous driving. Its empirical success
and open-source nature motivate our adoption of it. COSMOS-H-Surgical [4]
extends COSMOS2.5 using over 300k curated frames of surgical robotic tasks
(e.g. needle grasping, puncture, suture pulling, knotting). As the variant closest
to our target domain, we adopt it as well.

Surg-Y Surg-Y' [12] is a recent large multi-modal dataset (1.58M images,
4.21M conversations) for surgical Al foundation models. However, its dense-
prediction labels lack instance-level tool bounding boxes, a common gap in the
field that limits downstream use in surgical tool tracking. This motivates our
exploration of generative foundation models to synthesize tool bounding boxes
for training specialized tracking agents.

3 Methods

Our synthetic data engine pipeline (Figure 1) leverages the existing Cosmos-
predict2.5-style world models for generating synthetic data for surgical tool lo-
calisation and tracking. We use tailored text prompts to guide the synthesis of
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the surgical video containing the tools. For each video, the prompt includes the
following information: surgery types, clip temporal information, surgery phase,
video conditions, tool types, tool tracks in bounding boxes format.

"Laparoscopic
cholecystectomy
clip. "

3 Cosmos-
\ W reason1

3 o Yo Y
Input: real MP4 video Output: synthetic MP4 video
(Cholectrack20) ’

Domain Quality
Evaluation

Video Quality
Evaluation

Fig.1: The proposed data engine pipeline. Cosmos-reasonl and the DiT based
VLM Decoder are the core components of Cosmos-predict2.5 and Cosmos-H-
Surgical. A YOLO v7 is used to assist the evaluation of the domain quality of
the synthetic videos.

Data CholecTrack20 [8] contains 20 videos for laparoscopic cholecystectomy
for multi-class multi-tool tracking. We noticed that in the provided data of
CholecTrack20, there are no source mp4 videos available in their official training
split and their validation split, whereas COSMOS-predict2.5 supports mp4 video
inputs. Therefore, we are limited to use their testing dataset which contains 8
mp4 videos. However, one of the testing videos was corrupted during the down-
loading. Eventually, we ended up with total 7 useable mp4 videos. Among the
7 available mp4 videos, we randomly selected 4 videos for training, 1 video for
validation, and the rest 2 videos for testing. Then we further pre-processed the
mp4 data into the format suitable for the training and inference of COSMOS-
predict2.5. Our pre-processing includes, chunking each video to non-overlapping
10 seconds clips, each clip is 10FPS, the resolution has been kept as the raw
videos at 480x854. In the end, we have 927 training clips, 86 validation clips
and 367 testing clips. We as well converted their provided surgery descriptions
in their json format into txt based prompts.

Post-training We post-trained two versions of COSMOS, namely, COSMOS-
predict2.5 and COSMOS-H-Surgical. For each variant of the COSMOS, we ex-
plored both supervised fine-tuning (SFT) and low-rank adaption fine-tuning
(LoRA) post-training approaches. We used 4 NVIDIA A100 GPUs for the train-
ing and the inference of COSMOS-H-Surgical, and we used 4 NVIDIA RTX
A6000 GPUs for the training and the inference of the COSMOS-predict2.5.

We post-trained each model with batch size 1 for 10 epochs and we saved the
checkpoints after every epoch. We did not train the models beyond 10 epochs,
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Table 1: Video-quality evaluation of the generated surgical videos on the Cholec-
Track8 split-2 test set (367 clips). FVD and LPIPS are computed against the
paired ground-truth clips; the remaining three are VBench [6] computed on the
generated clips alone. Arrows denote whether higher (1) or lower ({) is better;
best value per column in bold.

Model FVD | LPIPS | Dyn. Degree 1 Img. Quality 1 Overall Consist. 1
Cosmos 2.5 (0-shot) 5821  0.833 0.054 0.513 0.153
Cosmos 2.5 (LoRA) 568 0.466 0.828 0.688 0.126
Cosmos 2.5 (SFT) 340 0.425 0.788 0.691 0.120
Cosmos-H-S(0-shot) 2763  0.574 0.411 0.590 0.137
Cosmos-H-S(LoRA) 2779  0.574 0.352 0.590 0.137
Cosmos-H-S (SFT) 333  0.459 1.000 0.676 0.120

because we observed that the validation samples started to have unrealistic hal-
lucinations across all of the trainings. The other training hyper-parameters are
kept as the default values as the provided COSMOS-predict2.5 from NVIDIA.

Surgical Tool Localisation In evaluation, in order to assess the domain
quality of the generated surgical videos for the downstream tool localisation
tasks, we need to infer the bounding boxes from the generated videos. To achieve
this, we adapted a popular open-sourced toolkit Ultralytics [10] as our AI agent
to localise the surgical tools from the generated videos. More precisely, we used
a pre-trained medium variant of Yolo-v7, because of its good trade-off between
performances and inference costs. The extracted bounding boxes of the tools
from the synthetic videos are then further analysed to calculate the metrics to
measure the domain quality.

4 Results

4.1 Video Quality Score

We evaluate the generated video quality with the following metrics: Fréchet
Video Distance (FVD) [11], Learned Perceptual Image Patch Similar- ity (LPIPS)
[13], VBench dimensions (dynamic degree, image quality, overall consistency) [7].
Table 1 shows that fine-tuning is consistently beneficial. Cosmos 2.5 zero-shot
is far off the target data manifold (FVD 5821, LPIPS 0.833) and almost static
(dynamic degree 0.054). Although zero-shot attains the highest overall consis-
tency (0.153), it is worthy to point out that this is an artifact of its near-frozen
output rather than genuine prompt adherence and should be read alongside its
poor fidelity. Cosmos-H Surgical, which is pre-trained on surgical data, has much
better zero-shot performance (FVD 2763, LPIPS 0.574). Adaptation sharply im-
proves the Cosmos 2.5 backbone: LoRA cuts FVD to 568 and LPIPS to 0.466
while injecting realistic motion (dynamic degree 0.828), and SFT yields the best
LPIPS (0.425) and imaging quality (0.691) with a very low FVD (340). For the
Cosmos-H Surgical backbone, LoRA with the default setting barely changes any
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metric relative to zero-shot, whereas SFT transforms it into the best model on
distributional realism, reaching the lowest FVD overall (333) and competitive
LPIPS (0.459) and imaging quality (0.676). Its dynamic-degree score of exactly
1.000 means every clip is flagged as dynamic; while this confirms the model no
longer produces static videos, a saturated value warrants caution, as it may also
reflect excessive or unnatural motion that VBench’s binary motion test cannot
distinguish from plausible surgical movement. Overall consistency is low and
tightly clustered (0.12-0.15) across all adapted models and is not discrimina~
tive here. Taken together, the two SFT models are the strongest: Cosmos 2.5
(SFT) offers the best paired perceptual fidelity (LPIPS) and imaging quality,
while Cosmos-H Surgical (SFT) offers the best distributional realism (FVD)
and the most motion, making them the two configurations we carry forward to
the detection- and track-consistency analyses. The trends in the quantitative
results are also reflected in the qualitative results as shown in Figure 2.

Ground truth Cosmos-predict2.5 zero-shot Cosmos-predict2.5 LoRA Cosmos-predict2.5 SFT
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Fig.2: Visual comparisons between ground truth frames and the generated
frames. The frames were generated conditioning on the first 2 ground truth
frames. Row 1-2: 5-th frame from a clip in VID06. Row 3-4: 70-th frame from a
clip in VID111.
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Fig. 3: Detected instruments by YOLOvVT in the ground truth frames and the
generated frames. Solid bounding boxes are the detected bounding boxes on the
frames. Dotted bounding boxes are the bounding boxes detected in the ground
truth frames, for easier visual comparisons.

Table 2: Object-detection consistency of generated surgical videos on the Cholec-
Tracks8 test set. Detections are produced by the same YOLO model on each set of
generated clips and matched (IoU > 0.5) against detections on the correspond-
ing ground truth videos, which serve as the reference. All metrics are aggregated
over 367 videos. Arrows denote whether higher (1) is better; best value per col-
umn in bold.

Model Precision 1 Recall T F1 1 mloU 1 mAP@0.5 1
Cosmos 2.5 (zero-shot) 0.175 0.033 0.056 0.893 0.021
Cosmos 2.5 (LoRA) 0.081 0.083 0.082 0.758 0.028
Cosmos 2.5 (SFT) 0.106 0.103 0.105 0.759 0.035
Cosmos-H Surgical (zero-shot)  0.144 0.066 0.091 0.784 0.031
Cosmos-H Surgical (LoRA) 0.143 0.067 0.091 0.781 0.032
Cosmos-H Surgical (SFT) 0.055 0.058 0.056 0.698 0.014

4.2 Domain Quality Score: Tool Localisations

We treat the tool detections on the original videos as ground truth. We only con-
sider the synthetic frames that contain the same instruments, in the same places,
as the real surgery. In order to do so, for every video we match predicted and
reference boxes frame-by-frame within each class using a greedy, highest-IoU as-
signment at an IoU threshold of 0.5, from which we compute precision, recall, F'1,
the mean IoU of matched boxes, and a per-video average precision (mAP@0.5)
averaged across classes and videos (Table 2). Overall, we confirm that it remains
a challenging task to produce synthetic frames that contain frame-by-frame com-
parable surgical tools. However, we as well confirm that supervised adaptation is
still consistently more beneficial than zero-shot at improving the synthetic tool
fidelity, as reflected in the detection metrics that, SF'T achieves the best recall
(0.103), F1 (0.105), and mAP (0.035), roughly tripling the recall of the zero-shot
model. Especially, the SFT Cosmos 2.5 model offers the best trade-off between
detection recall and precision.



World Models for Surgical Video Synthesis 7

Table 3: Track adherence of generated surgical videos, measured against the
original-video YOLO detections used as a dense 10-fps reference on the Cholec-
Track8 split-2 test set (367 videos). Every reference detection is matched to the
best same-class detection at the same frame in the generated video. Arrows in-
dicate whether higher (1) or lower ({) is better; best value per column in bold.

Model Track IoU 1 Presence rate 1T Center error |
Cosmos 2.5 (zero-shot) 0.054 0.081 0.056
Cosmos 2.5 (LoRA) 0.178 0.493 0.101
Cosmos 2.5 (SFT) 0.207 0.558 0.098
Cosmos-H Surgical (zero-shot)  0.119 0.279 0.088
Cosmos-H Surgical (LoRA) 0.119 0.280 0.089
Cosmos-H Surgical (SFT) 0.150 0.543 0.123

4.3 Domain Quality Score: Tool Trajectories

We treat the YOLO detections on the ground-truth clips as reference tracks
and the detections on each model’s generated clip as predictions, both sampled
at the native 10 fps (100 frames per clip), with each detection expressed in
normalized coordinates [tiz,t;y, w, h]. For every reference detection at frame f
with class ¢, we take the highest-IoU same-class prediction at the same frame and
report three quantities: (i) Track IoU, the mean best-match IoU (unmatched
references contribute 0, penalizing both misplacement and missing instruments);
(ii) Presence rate, the fraction of reference detections with any same-class
overlap (IoU > 0); and (iii) Center error, the mean box-center distance over
positively matched detections only. Because the reference is dense and drawn
from the ground-truth videos, these metrics measure per-frame spatial fidelity
of the generated tracks.

Table 3 shows that track fidelity benefits consistently from supervised adap-
tion. Cosmos 2.5 zero-shot is effectively ungrounded, recovering only 8.1% of
reference detections at a Track IoU of 0.054; its low center error (0.056) is an
artifact of emitting so few instruments and should not be read as superior local-
ization. Adaptation yields large gains: LoRA lifts presence to 0.493 and IoU to
0.178, while SFT is strongest overall, matching 55.8% of detections at a Track
IoU of 0.207 with a competitive center error of 0.098. For Cosmos-H Surgical,
zero-shot and LoRA are nearly identical (IoU = 0.119, presence = 0.28), showing
LoRA adds little on top of surgical pre-training, whereas SF'T roughly doubles
presence to 0.543 but worsens center error to 0.123, the highest of all models.
This “high-presence, low-precision” behaviour mirrors the false-positive inflation
seen in the detection-consistency analysis: it reliably paints instruments in but
not along the true trajectories. Overall, the fully SF'T Cosmos 2.5 model best
reproduces the original tracks.

Figure 4 contrasts a well-matched (left) and a random poorly-matched (right)
clip for SFT Cosmos 2.5, both chosen among the highest-motion clips. In the
good example (presence 0.72), the generated grasper and hook tracks (dashed)
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well matched poorly matched
- grasper (original) —— grasper (original)
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Fig.4: Qualitative track adherence for the SFT Cosmos 2.5 model
(Cosmos 2.5 SFT). Each panel shows 3D instrument-center tracks with time
(frame index at 10 fps) and the normalized image x /y; solid lines are the original-
video detections (reference) and dashed lines the detections on the generated
video, and every curve is exponential-moving-average(EMA) smoothed to ex-
pose the underlying motion. Left: a well-matched, high-motion clip (Track IoU
0.37, presence 0.72). Right: a random poorly-matched, high-motion clip (Track
ToU 0.10, presence 0.43).

follow the reference (solid) in z and y even under rapid motion, consistent with
a Track IoU of 0.37. The poor example exposes the dominant failure mode: the
generated tracks diverge (Track IoU 0.10) and the specimen bag (blue) is not
reproduced at all. This shows even the strongest model can place instruments
inconsistently despite plausible per-frame appearance, explaining why aggregate
Track IoU remains modest. Visual realism and precise track adherence are related
but distinct, and the latter is harder to satisfy.

5 Conclusion

We investigated whether open-source video world models (Cosmos-predict2.5 de-
rived models) can serve as a synthetic data engine for surgical tool localisation,
under different training configurations. Our results show that supervised fine-
tuning yields the best distributional realism (FVD 333 for Cosmos-H-Surgical)
and the strongest tool-track reproduction (Track IoU 0.207, presence 0.558 for
Cosmos-Predict 2.5), while LoRA adds little on top of a backbone that is already
surgically pre-trained. However, even the best configurations exhibit low abso-
lute detection scores and a “high-presence, low-precision” failure mode, indicat-
ing that video-level realism does not yet translate into faithful frame-by-frame
instrument geometry. Future work will focus on scaling and stronger spatial
conditioning (e.g. bounding-box or mask guidance) and evaluating whether the
generated clips actually improve a downstream identity-aware tracker.
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