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Abstract. A surgical world model capable of generating realistic sur-
gical action videos with precise control over tool-tissue interactions can
address fundamental challenges in surgical Al and simulation — from data
scarcity and rare event synthesis to bridging the sim-to-real gap for sur-
gical automation. However, current video generation methods, the core
of such surgical world models, require expensive annotations or complex
structured intermediates as conditioning signals at inference, limiting
their scalability. Other approaches exhibit limited temporal consistency
across complex laparoscopic scenes and do not possess sufficient realism.
We propose Surgical Action World (SAW) — a step toward surgical action
world modeling through video diffusion conditioned on four lightweight
signals: language prompts encoding tool-action context, a reference surgi-
cal scene, tissue affordance mask, and 2D tool-tip trajectories. We design
a conditional video diffusion approach that reformulates video-to-video
diffusion into trajectory-conditioned surgical action synthesis. The back-
bone diffusion model is fine-tuned on a custom-curated dataset of 12,044
laparoscopic clips with lightweight spatiotemporal conditioning signals,
leveraging a depth consistency loss to enforce geometric plausibility with-
out requiring depth at inference. SAW achieves state-of-the-art temporal
consistency (CD-FVD: 199.19 vs. 546.82) and strong visual quality on
held-out test data. Furthermore, we demonstrate its downstream utility
for (a) surgical Al, where augmenting rare actions with SAW-generated
videos improves action recognition (clipping F1-score: 20.93% to 43.14%;
cutting: 0.00% to 8.33%) on real test data, and (b) surgical simulation,
where rendering tool-tissue interaction videos from simulator-derived tra-
jectory points toward a visually faithful simulation engine.

Keywords: Surgical World Model - Surgical Video Generation - Deep
Learning - Action Recognition - Surgical Simulator.

1 Introduction

A surgical world model that enables controllable, scalable video synthesis of sur-
gical actions with realistic tool-tissue interaction has the potential to transform
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both surgical Al and the next generation of high-fidelity surgical simulators. For
surgical Al, it offers a path to overcome the fundamental data scarcity that is
a bottleneck for developing perception models, and enables targeted synthesis
of rare but clinically critical events without costly setups or tissue use [26, 33,
24,20]. For simulation, such a generative world model can bridge the persistent
sim-to-real gap by enabling visually realistic closed-loop environments where in-
strument motion drives controllable tool-tissue interactions. This supports both
accelerated curation of paired kinematics-video data necessary for automating
surgical actions and the development of digital twins for surgical safety eval-
uation through the forward simulation of tool actions [22, 19,10, 30]. Realizing
such world models hinges on advances in controllable and realistic video gen-
eration. While recent surgical video generation methods [2,21, 6] have demon-
strated potential in producing visually plausible outputs, they remain limited
in inference-time controllability and scalability: HieraSurg relies on expensive
dense annotations such as per-frame segmentation masks [2]; SG2VID depends
on structured intermediates (spatio-temporal scene graphs) that are difficult to
obtain or manipulate at inference [21]; SurgVisionWM does not allow for in-
terpretable, user-defined action conditioning signals [13]; and SurgSora, which
employs flexible trajectory-conditioning, is constrained by limited inference win-
dows (W = 21) and struggle to maintain temporal consistency [6]. Reinforcement
Learning-based surgical world models that learn dynamics in low-dimensional
state spaces have also been explored [8], but differ fundamentally from genera-
tive world models that treat video as state and condition on user-defined actions.

To this end, we propose Surgical Action World (SAW), a step toward a sur-
gical action world model aligned with the modern generative formulation |3,
4]. SAW enables controllable and scalable video diffusion conditioned on four
lightweight signals: (i) structured language prompts encoding instrument and
action context, (ii) a reference first frame anchoring scene appearance, (iii) tissue
affordance masks specifying interaction regions, and (iv) 2D tool-tip trajectory
across the surgical scene. Our key contributions are: (1) a curated dataset
of 12,044 laparoscopic video clips with spatiotemporal annotations including
video-level tool-action labels and tissue affordance along with frame-level tool-
tip trajectories; (2) a video diffusion approach that reformulates video-to-video
generation for scalable, highly controllable surgical action synthesis without re-
lying on expensive inference-time conditioning signals, and incorporates a novel
depth consistency loss enforcing geometric plausibility without requiring depth
at inference; and (3) demonstration of two downstream applications — augmen-
tation of rare surgical actions to improve action recognition on real test data,
and rendering realistic tool-tissue interactions from simulator-derived tool tra-
jectories to drive visually faithful surgical simulation.

2 Surgical Action World (SAW) Model

To advance surgical world modeling, we propose Surgical Action World (SAW),
which reformulates video-to-video diffusion for controllable surgical action syn-
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Fig.1: a) At inference, SAW leverages a user-inputted 2D tool trajectory, lan-
guage prompt, tissue affordance, and a background surgical scene, enabling real-
istic and controllable video diffusion. b) During training, normalized depth and
RGB videos are encoded using a frozen VAE, while the RGB video embedding
is then flattened and noised into a sequence of noisy tokens. The LoRA layers
within the diffusion transformer are updated. ¢) During training, we compute
a depth consistency loss (Lpc) as a Smooth L1 loss between predicted masked
depth video tokens and pseudo-ground-truth depth tokens derived solely from
the denoised RGB video tokens.

thesis. By conditioning on instrument trajectories and tissue affordance alongside
standard text and image inputs, SAW models tool-tissue interaction dynamics
for scalable and realistic video generation (Fig. 1). The diffusion process is de-
fined as z;_1 = D(z;,t;,22, 2%, 2P, 27), where z; is the latent embedding from the
previous denoising stage, t; the denoising iteration with ¢ = 1,..., N = 50, and
zo = xo the clean video. Generation is conditioned on four lightweight signals: a
language prompt z? encoding tool-action context, a reference frame zf anchoring
scene appearance, an instrument trajectory zP controlling tool-tip motion, and
a tissue affordance map z” specifying interaction regions, each of which can be
provided independently or in combination at inference.

2.1 Video Diffusion Model: We adopt LTX-Video [11] as the backbone for
SAW, a transformer-based latent diffusion model that natively supports multi-
modal conditioning (text, video, image). LTX performs diffusion in latent space
using a variational autoencoder (VAE) for spatiotemporal downsampling, with
denoising via a diffusion transformer trained using flow-matching [15]. We fine-
tune LTX using In-Context Low Rank Adaptation (IC-LoRA) [12], a parameter-
efficient fine-tuning strategy to fine-tune the model via learnable low-rank weight
adaptations, for surgical action synthesis with four conditioning embeddings: a
reference frame zf, language prompt z2, tissue affordance map z”, and tempo-
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ral tool-tip trajectory zP, enabling the model to generate temporally coherent
surgical action videos with realistic tool-tissue interactions (Fig. la).

2.2 Lightweight Conditioning Signals: Language Prompting (z*): To in-
corporate tool-action context, we condition on language prompts via LTX’s text
mechanism, following the template: “A robotic da Vinci {tool} performs {action}
during a cholecystectomy. The laparoscopic camera view shows the {tool} within
the abdominal cavity. The {tool} moves precisely as it executes the {action}
motion.” Affordance Conditioning (z7): To guide where tool-tissue interaction
occurs, we condition the model on a 2D binary affordance map I, defined with
respect to the reference frame I¢. The affordance embedding z” is extracted via
a VAE encoder. Tool Trajectory (zP): To precisely control instrument tip motion
and tool-tissue interaction, we encode the tool trajectory as a temporal sequence
of 2D maps I; € R>*wx3 4 € [0, k], where k is the sequence length. A trajectory
point at time i is represented as a fixed-radius circle centered at the tool-tip (z,y)
in IZ), with instrument class encoded through the R and G channels. Encoding
the tool tip and its class directly in the RGB channels lets us reformulate our
task as video-to-video diffusion without requiring major architectural changes.
The embedding zP is obtained by passing the sequence through a VAE encoder.

2.3 Depth Consistency Loss: In the presented formulation, all spatial con-
ditioning signals are expressed as 2D inputs, with control in the Z-dimension
learned implicitly by LTX during training. However, due to the presence of vital
anatomy in the surgical scene, omitting depth guidance may result in inaccurate
movements that violate critical safety constraints. This motivates the introduc-
tion of depth control during training, leading us to develop a novel loss for
depth consistency (Lpc). We first generate corresponding depth-mask videos
for all RGB videos in our training dataset using Depth Anything V2 [29]. After
encoding these depth videos into the latent space (Fig. 1b), we introduced a
cross-attention layer and a projection head that learns to reconstruct masked
depth latents. This reconstruction uses the denoised RGB latent tokens created
after a forward pass of the diffusion transformer. The depth consistency loss
(Fig. 1c), Lpc, is then computed using a Smooth ¢; loss, which follows an ¢
loss for small errors and an ¢ loss for large ones, providing robustness to outlier
depth token predictions. Through this loss, we enforce geometric consistency in
the Z-dimension without requiring explicit depth inputs at inference time. Un-
like GeoVideo [1], which regularizes geometry using reprojected 3D depths, SAW
uses a local Smooth-L1 loss on depth reconstructed from RGB video tokens, re-
quiring no depth at inference.

3 Experiment and Results

3.1 Experimental Setup

Dataset: We custom-curate a dataset of 12,044 video clips from 101 surgical
videos sourced from 21 Youtube videos (2, 760 video clips) and 80 videos (12,878
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video clips) taken from four publicly available datasets: 10 videos from HeiChole
(1,794 video clips) [26], 30 videos from Cholec80 (6,042 video clips) [24], 32
videos from SurgVU (4,278 video clips) [33], and 8 videos from CRCD (764
video clips) [17]. Each video clip was segmented to capture a single surgical
action and was manually annotated for wvideo-level action (clipping, grasping,
cutting, or dissecting) and active tool usage (grasper, hook, clipper, or scissors) as
well as tissue affordance, which indicates the tissue region undergoing tool-tissue
interaction. Frame-wise annotations are provided for tool-tip positions p = (x,
y) in pixel coordinates. All video clips are preprocessed to remove black borders,
letterboxing, and text overlay. We standardized all video clips to 81 frames at
25 fps, truncating longer videos and padding shorter ones by repeating the final
frame. All videos were then processed at a resolution of 1024x576. The dataset
is partitioned based on the 101 source videos, with the train set containing
11,502 video clips (clipping = 443, grasping = 1,964, cutting = 273, dissecting
= 8,822), and the test set comprising 542 video clips (clipping = 29, grasping
= 126, cutting = 20, dissecting = 367).

Training and Inference All our experiments are conducted using a single
NVIDIA A100. We fine-tuned LTX using IC-LoRA for 7,500 steps, with o =
128, Ir = 2 x 10~%, AdamW optimizer, and bfloat16 mixed precision training. To
improve alignment with groundtruth videos and enhance generation diversity,
we employ classifier-free guidance with first-frame conditioning in 20% of cases.
During inference, we use 50 denoising steps with a guidance scale = 3.5. All
generated videos are 81 frames.

Evaluation Metrics We evaluate the visual quality of generated video using
FVD [25], CD-FVD [9], SSIM [28], PSNR, and LPIPS [32] metrics. FVD assesses
visual realism at the video level. Since frame-level perceptual metrics cannot di-
rectly assess the accuracy of tool-tissue interactions, we rely on CD-FVD, which
is sensitive to temporal inconsistencies [9], to implicitly capture irregular tool-
tissue motion. We further report SSIM, PSNR, and LPIPS to quantify frame-wise
structural and perceptual image quality.

3.2 Results and Ablation Studies

Baseline comparison: Table 1 highlights the performance of our model com-
pared to existing generative models. SAW achieves the lowest FVD at 224.28.
Moreover, it excels at generating temporally consistent videos, demonstrated

Table 1: Quantitative evaluation of our model performance in video generation
against state-of-the-art models on a held-out test set. WAN [27] and LTX, [11]
are used off-the-shelf whereas SurgSora [6] is fine-tuned on our training dataset.

Model FVD | CD-FVD | SSIM 1 PSNR 1 LPIPS |
WAN [27] 439.60  429.67  0.5750 1582  0.4480
LTX, [11] 319.37 50431 0.5630 15.07  0.4920

SurgSora [6]  541.61 546.82 0.4163 17.10  0.3825
Ours (SAW) 224.28 199.19 0.5948 17.36  0.4100
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(a) Dissecting

Fig. 2: Qualitative examples of generated surgical videos for (a) grasping and (b)
dissecting actions. Red overlays indicate where a generated video lacks realism
or becomes visually distorted in comparison to the ground truth video at the
corresponding frame.

Table 2: Ablation study across conditioning modalities and loss components.
Each row removes a single conditioning signal or loss term from the full model.
Best results per metric are in bold.

Ablated Component FVD | CD-FVD | LPIPS | SSIM 1t PSNR 1

SAW 224.28  199.19 0.4100 0.5948  17.36
Ablation on Conditioning signals

w/o Affordance 223.78 200.10 0.4101  0.5945  17.33

w/o First Frame 1096.21  338.75 0.6217  0.4848  12.50

w/o Language 219.23 204.89 0.4052 0.5977 17.47

w/o Trajectory 278.26 344.79 0.4325 0.5818  16.45

Model trained without depth consistency loss

w/o Lpc 188.34  207.59 0.4017 0.5922  17.37

through a CD-FVD of 199.19, outperforming the 546.82 of the also trajectory-
conditioned surgical generative model SurgSora. For non-trajectory-conditioned
models, the closest CD-FVD belongs to WAN with 429.67, suggesting the benefit
of incorporating a large pretraining dataset for video generation. On frame-level
content and structural metrics, SAW also outperforms all baselines with an SSIM
of 0.5948 and PSNR of 17.36. SAW also demonstrated competitive frame-wise
perceptual similarity with a LPIPS of 0.41. Fig. 2 illustrates the quality of the
generated videos across two separate actions. Even in the presence of endoscopic
artifacts, our model can produce a coherent video that reflects the underlying
action, demonstrating its controllability, robustness, and realism.

Ablation Studies: We assess the impact of our design choices and conditioning
strategies in Table 2. Removing trajectory conditioning significantly impacts
performance, as indicated by a consistent decrease in all the evaluation metrics.
Removing first-frame conditioning reduces visual quality, as indicated by drop
performance in FVD, LPIPS, and SSIM. Furthermore, temporal consistency is
affected as reflected by an increased CD-FVD to 338.75. Disabling the depth
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consistency loss, Lpc, primarily increases CD-FVD, suggesting a reduction in
temporal consistency of tool and tissue movements. A paired bootstrap test
on the test set confirms this improvement is significant (CD-FVD: 199.19 vs.
207.59, p < 0.05). Overall, SAW with all design choices is the most balanced
model across all evaluation metrics.

4 Downstream Applications

We also demonstrate two downstream applications of our SAW model: (a) syn-
thesizing rare surgical action videos to address class imbalance and enhance
model performance on a real test set, and (b) exploring its potential to serve as
a simulation engine for generating realistic tool-tissue interactions from surgical
scenes and simulator-derived instrument trajectories.

4.1 Synthetic Video Generation for Action Recognition: With action
recognition being a major research topic in surgical AI [20,14], we design and
conduct an experiment to demonstrate our framework’s potential in augment-
ing rare action videos to improve model performance. Our train set exhibits a
long-tail distribution, with cutting (273 clips) and clipping (443 clips) actions
significantly underrepresented compared to dissecting (8,822 clips) and grasping
(1,964 clips). Generating synthetic videos of rare events: Leveraging our control-
lable video generation framework, we generated synthetic videos of rare actions
(cutting and clipping) to augment the training set. As Fig. 3b describes, we
overlay segmented surgical tools using SAM3 [5] onto diverse background surgi-
cal scenes, and leverage the tissue affordance and tool trajectory extracted from
the source background video —substituted with the target tool class — to con-
dition generation of the augmented video. Superimposed surgical tools, which
are acquired from existing training video clips, are blended into the background
scene using Poisson image blending [18] to increase realism of the starting scene
used to guide the diffusion process. While background scenes were diverse, we
ensured relevance to each action — for example, clipping actions were paired with
scenes containing blood vessels, increasing the diversity of tool-anatomy pair-
ings. In total, we generated 287 synthetic videos: 110 clipping and 177 cutting.
Experimental setup: We train two AI models — a spatiotemporal CNN [23] and
a vision transformer (ViT) model [7] — for video action recognition. Consistent

Table 3: Per-class action recognition F1 score before and after video augmenta-
tion. Best results per action label are in bold.

Actions Spatiotemporal CNN [23] VIiT [7]

w/o Aug with Aug w/o Aug with Aug
Clipping 20.93 43.14 84.62 83.64
Cutting 0.00 8.33 30.77 47.06
Grasping | 58.52 55.87 74.19 73.80

Dissection| 83.87 84.25 86.27 88.26
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with state-of-the-art approaches in surgical action prediction [20], both mod-
els take as input 16-frame segments from each video to predict the action. To
evaluate our framework’s utility in enhancing model performance through data
augmentation, we train each model under two settings: (i) using video clips only
from the original training set, and (ii) augmenting the training set with syn-
thetically generated video clips of rare actions. Results and Discussion: Table 3
summarizes the performance of both models trained with and without synthetic
rare action videos and evaluated on a held-out real test set. For both models, we
observe that augmentation with synthetic videos can improve recognition of un-
derrepresented actions (clipping and cutting) on real test videos, validating our
framework’s utility in generating realistic and effective training data. Since aug-
mentation targets only the underrepresented classes, improvements are visible
in these actions, while grasping and dissection remain largely unchanged.

4.2 Realistic Tool Tissue Interaction Engine for Surgical Simulation:
While physics-based surgical simulators have made significant progress, they
struggle to accurately model complex tissue-tool interactions and tissue defor-
mation in real time [31]. Towards addressing this challenge, we explore our con-
trollable surgical action video generation framework as a potential engine to
model realistic tool-tissue interaction and tissue deformation in near real-time.
Qualitative Experimental Setup: As shown in Fig. 3, we build a surgical simulator
using Isaac lab [16], encompassing surgical tools in an empty background. Given a
set of simulator-derived data (instrument segmentation, their corresponding tool
tip trajectories, and tissue affordance), we demonstrate our framework’s flexibil-
ity and controllability in generating surgical action videos — modeling tool-tissue
interaction with realistic tissue deformations — with any given background surgi-
cal scene. However, this represents an initial proof-of-concept. Future work will
address enforcing instrument joint kinematics, supporting more instruments and
scenes, expert ratings of generated videos, and real-time inference.

(a) Surgical simulator

(b) Our framework as a potential engine for realistic tool-tissue interaction

Simulator- derived I_,[ Simulator-derived temporal tool tip traj )
p trajectory

Tool tip trajectory
P p traj Y

Tissue affordance

Poisson € blending

|
|
|
|
|
a2
:z
It

First frame

Simulator view with precise kinematics
conditioning -

- [ =
Ii Diverse : keground
74 A surgical scenes
| | R

Tool Tissue Tool tip | N
segmentation  affordanee tmjectory | User input

Language input

Fig.3: a) Simulator-derived tool segmentations, tissue affordance, tool tip tra-
jectory. b) Simulator-derived tools are overlayed on a background surgical scene
and used as conditional inputs to our video diffusion model, allowing us to model
both tool kinematics and background tissue deformation.
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5 Conclusion

We present Surgical Action World (SAW) — a step toward surgical action world
modeling through controllable and scalable video diffusion. By conditioning on
four lightweight signals (language prompts, reference frame, tissue affordance
mask, and tool-tip trajectories), SAW achieves state-of-the-art temporal con-
sistency and visual quality while enabling scalable inference without expensive
annotations. A depth consistency loss further encourages geometric coherence
in tool motion, promoting plausible tool-tissue interactions that extend beyond
purely 2D trajectory conditioning. We demonstrate the downstream utility of
SAW for surgical Al through rare action augmentation that improves action
recognition on real data, and for simulation through rendering tool-tissue inter-
actions from simulator-derived trajectories. Future work will focus on improving
the integration of affordance and language cues for richer scene understanding,
extending to longer video generation, incorporating additional instruments and
anatomical scenes, and achieving real-time inference for closed-loop simulation.
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