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Abstract— Controllable surgical world models can pro-
vide a generative foundation for surgical artificial intelli-
gence and simulation by synthesizing realistic instrument–
tissue interactions. However, existing methods lack a uni-
fied multimodal control paradigm, while direct fusion of
heterogeneous visual conditions often causes anatomi-
cal distortion, instrument appearance drift, and tempo-
rally inconsistent interactions. In this work, we propose
Surg-UniWorld, a unified surgical world model with mul-
timodal control experts. Surg-UniWorld first constructs a
Hierarchical Surgical Anchor from first-frame appearance
and hierarchical semantic masks to preserve persistent
scene identity, anatomical organization, and interaction
boundaries. Anchor-Relative Modality Experts then inter-
pret edge, depth, and optical-flow evidence relative to
the shared anchor, capturing complementary boundary,
geometric, and motion information. A Multimodal Con-
trol Expert further performs contribution-preserving stage-
wise composition of the activated modality increments
and generates control hints for the Wan2.2 video diffusion
backbone. To support multimodal surgical world modeling,
we further construct Cholec80-SurgWAM, a benchmark for
controllable surgical video generation. Extensive experi-
ments demonstrate that Surg-UniWorld consistently out-
performs existing controllable video generation methods
and surgical world-model baselines in generation qual-
ity, temporal consistency, and multimodal controllability.
Code and video demonstrations are available at https:
//surglat-home-page.pages.dev/.

Index Terms— Surgical World Model, Controllable Video
Generation, Multimodal Control

I. INTRODUCTION

V IDEO-BASED world models learn scene appearance,
motion, and temporal dynamics from large-scale video

data, enabling future states to be predicted from current
observations and potential actions [1], [2]. Surgical world
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Fig. 1. Overview of Surg-UniWorld for multimodal-controlled generation
of coherent instrument–tissue interaction videos.

models extend this capability to operative environments, sup-
porting robotic automation, procedural understanding, and
high-fidelity surgical video generation [3]–[5]. Within this
paradigm, controllable surgical video generation imposes ex-
plicit semantic, geometric, and motion constraints to synthe-
size specified instruments, anatomical structures, and interac-
tions, thereby enabling targeted data generation for underrep-
resented surgical states and rare interaction patterns. However,
general-purpose world models are not tailored to laparoscopic
scenes, where anatomical organization, instrument identity,
tissue deformation, and instrument–tissue interactions must
remain consistent across space and time [6]. The central
challenge is therefore to coordinate heterogeneous control
signals without compromising anatomical stability, appearance
consistency, or coherent instrument–tissue dynamics [7].

These advances have also been extended to surgical video
generation and surgical world modeling. Endora and SurgSora
establish realistic and controllable surgical video synthesis,
while HieraSurg and Surgical Vision World Model further
move toward structured future-state prediction through se-
mantic scene evolution and latent action modeling [3], [8]–
[10]. More recent approaches, including SAW and Cosmos-
H-Surgical, explicitly formulate video generation as surgical
world modeling for controllable instrument–tissue interaction
synthesis and robotic policy learning [4], [11], [12]. Despite
this progress, existing methods rely on task-specific controls
or fixed modality combinations, lacking a unified framework
that distinguishes and integrates heterogeneous surgical cues
by their roles in scene modeling.

A central limitation of existing approaches is that het-
erogeneous control signals are often treated as equivalent
inputs, although they play fundamentally different roles in the
modeling of surgical scenes. The first-frame appearance and
hierarchical semantic masks define relatively persistent scene
identities and anatomical layouts, and should therefore serve
as stable world anchors. In contrast, edge, depth, and opti-
cal flow provide complementary evidence about boundaries,
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geometry, and motion, but their availability and reliability
may vary across scenes and time. Directly concatenating or
jointly injecting these signals into a shared control stream
can introduce redundant or conflicting guidance, resulting in
anatomical distortion, appearance drift, and temporally incon-
sistent interactions. Effective surgical world modeling there-
fore requires an anchor-centered mechanism that separately
interprets modality-specific evidence and adaptively integrates
it according to its contribution to the evolving surgical scene.

To address these limitations, we propose Surg-UniWorld,
a unified surgical world model with multimodal control ex-
perts for generating controllable instrument–tissue interaction
dynamics. As illustrated in Fig. 1, a textual instruction spec-
ifies the intended surgical action, while the first frame and
hierarchical semantic masks provide persistent observations of
scene appearance and spatial organization. Surg-UniWorld first
constructs a stable appearance–structure anchor to preserve
instrument identity, tissue appearance, anatomical layout, and
region boundaries throughout generation. Edge, depth, and op-
tical flow are subsequently interpreted by dedicated modality
experts to capture complementary boundary, geometric, and
motion evidence. The resulting anchor-relative increments are
then combined in a contribution-preserving manner to produce
stage-wise control hints for the pretrained Wan2.2 video
diffusion backbone. This anchor-centered expert formulation
enables compositional control over scene structure, visual ap-
pearance, and interaction dynamics while reducing anatomical
distortion, appearance drift, and temporal inconsistency.

The main contributions are summarized as follows:
• Hierarchical Surgical Anchor. First-frame appearance

and hierarchical semantic masks are organized into a
shared surgical anchor that preserves instrument and
tissue identities, anatomical organization, and interaction
boundaries throughout generation.

• Anchor-Relative Modality Experts. Dedicated edge,
depth, and optical-flow experts interpret heterogeneous
control evidence relative to the same Hierarchical Surgi-
cal Anchor, supporting individual modalities and arbitrary
modality subsets.

• Multimodal Control Expert. It performs contribution-
preserving stage-wise composition of the activated
anchor-relative increments and generates control hints for
the Wan2.2 video diffusion backbone.

• Multimodal surgical world-modeling benchmark. We
construct Cholec80-SurgWAM with hierarchical masks
and multimodal controls. We further establish a com-
prehensive benchmark for evaluating controllable surgical
world models across different combinations of modalities.

II. RELATED WORK

A. Video World Models and Multimodal Control
Recent advances in video foundation models have pro-

vided scalable generative backbones for learning complex
spatiotemporal dynamics. LTX-Video combines a highly com-
pressed Video-VAE with transformer-based latent diffusion,
enabling efficient video generation within a compact spa-
tiotemporal latent space [13]. Wan further scales the diffusion-
transformer paradigm through large-scale video pretraining

and supports diverse text-, image-, and editing-conditioned
generation tasks [14]. Moving beyond conventional visual
synthesis, Cosmos-Predict2 formulates video generation as
Video2World simulation, predicting plausible future visual
states from textual and visual contexts for downstream Physi-
cal AI applications [12]. Although these models provide strong
generative priors for modeling dynamic scenes, fine-grained
control over scene appearance, structure, geometry, and motion
still requires explicit conditioning mechanisms.

Controllable diffusion addresses this limitation by incor-
porating explicit structural and multimodal conditions into
pretrained generative backbones. ControlNet establishes the
basic paradigm of injecting spatial signals, such as edges,
depth, segmentation, and pose, through trainable conditional
branches [15]. VACE introduces a pluggable Context Adapter
for LTX-Video- and WAN-based backbones, organizing ref-
erence, mask, generation, and editing conditions through a
unified video-conditioning interface [16]. Similarly, Cosmos-
Transfer extends world generation to multiple spatial controls,
including segmentation, depth, and edges, and adaptively
weights their contributions across spatial regions [4]. Never-
theless, these methods predominantly organize heterogeneous
modalities as generic control streams in a shared feature
space. They do not explicitly distinguish persistent appearance
and semantic structure from optional boundary, geometry,
and motion evidence, nor organize their complementary roles
around hierarchical semantic regions.

B. Surgical Video Generation and Surgical World Models
Surgical video generation synthesizes temporally coherent

endoscopic or laparoscopic sequences from visual, semantic,
or action conditions. It must preserve tool–tissue structure
and motion despite occlusion, specular reflections, and tissue
deformation. TPG-VAE separately models content, motion,
and surgical gesture priors for future-frame prediction in robot-
assisted surgery [17]. Endora developed a dedicated spa-
tiotemporal architecture for endoscopic video generation [8],
while SurGen and Ophora explored text-guided generation for
laparoscopic and ophthalmic surgical videos [18], [19]. Recent
methods have therefore incorporated increasingly structured
surgical conditions. SurgSora combines object-specific RGB-D
features, segmentation cues, multi-scale optical flow, and user-
defined trajectories for motion-controllable generation [9].
HieraSurg instead adopts a two-stage formulation that first
predicts future semantic maps from surgical phases and then
renders videos using action and panoptic information [10].

More recently, surgical world models have sought to capture
action-dependent scene evolution for interactive simulation
and robotic learning. Surgical Vision World Model infers latent
actions from unannotated surgical videos and uses them to
support action-controllable video generation [3]. SAW condi-
tions surgical action synthesis on a reference frame, a tissue
affordance mask, tool-action language, and two-dimensional
tool-tip trajectories, while employing depth consistency during
training to encourage geometrically plausible tool–tissue inter-
actions [11]. At a broader scale, the Cosmos world-model fam-
ily provides complementary capabilities for physical simula-
tion. Cosmos-Predict models future visual states from textual,
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Fig. 2. Construction pipeline of Cholec80-SurgWAM, including motion-
guided clip selection, expert-curated hierarchical mask generation, sur-
gical description annotation, and optional multimodal controls.

TABLE I
STATISTICS OF THE CHOLEC80-SURGWAM DATASET.

Split 49-frame Clips Sampled Frames Masks

Train (video01–60) 5,104 250,096 484,820
Test (video71–80) 897 43,953 88,901

Total 6,001 294,049 573,721

image, or video context, whereas Cosmos-Transfer supports
controllable world transformation using spatial conditions such
as segmentation, depth, and edges [4]. Cosmos-H-Surgical-
Simulator directly generates surgical manipulation videos
from da Vinci master-hand control signals, enabling action-
conditioned simulation of robotic surgical procedures [4].
Despite this progress, existing surgical generation methods do
not explicitly couple hierarchical instrument and tissue regions
with region-specific appearance memories, limiting consistent
and fine-grained control from edge, depth, and flow conditions.

III. CHOLEC80-SURGWAM DATASET

We construct Cholec80-SurgWAM from the public
Cholec80 dataset following the pipeline in Fig. 2. Instruments
are first localized, and WAFT optical flow is used to
select clips with pronounced instrument motion and limited
background motion, reducing the influence of global camera
movement [20]. SAM2 then provides initial masks, which are
manually reviewed and refined into hierarchical annotations
of instruments, target tissues, and background tissues [21].
A vision–language model generates descriptions of the
corresponding instrument–tissue interactions. Aligned depth,
optical-flow, and edge controls are obtained using Depth
Anything 3, WAFT, and HED, respectively [15], [20], [22].

Cholec80-SurgWAM contains 6,001 49-frame laparoscopic
clips, including 5,104 training clips from video01–60 and
897 test clips from video71–80, as summarized in Table I.
Overall, it comprises 294,049 sampled frames and 573,721
curated masks, together with aligned textual, depth, optical-
flow, and edge annotations for evaluating controllable surgical
video generation under flexible modality configurations.

IV. METHOD

A. Problem Formulation and Framework Overview
Surg-UniWorld consists of a pretrained Wan2.2 video dif-

fusion backbone and the proposed Surgical Anchor-Relative
Control Adapter (Surg-ARCA). Let the target surgical video
and the generated video be denoted by V = {It}T−1

t=0 and
V̂ = {I0, Î1, . . . , ÎT−1}, respectively. Here, I0 is the given

reference frame, which provides the initial visual context for
subsequent generation. It is preserved throughout the denoising
process, while the model synthesizes the remaining T − 1
frames. The corresponding video-level surgical description is
denoted by Y .

The temporally aligned hierarchical semantic masks are
represented as

M = {Mt}T−1
t=0 , Mt = {M inst

t ,M fg
t ,Mbg

t }. (1)

where the three components denote the instrument,
foreground-tissue, and background-tissue regions, respectively.
In addition to the always-available inputs {I0, y,M}, the
model can optionally receive control sequences from different
modalities, including edge, depth, and optical flow:

E = {Et}T−1
t=0 , D = {Dt}T−1

t=0 , F = {Ft}T−1
t=0 . (2)

Let U = {E ,D,F} and let US denote any available subset
of these controls. The controllable surgical video generation
task is formulated as

V̂ = Gθ(I0, y,M,US) , US ⊆ {E ,D,F}. (3)

When US = ∅, generation is conditioned only on the text,
reference appearance, and hierarchical semantic structure. Oth-
erwise, one or more modalities further constrain the boundary,
geometry, and motion of the generated surgical video.

As illustrated in Fig. 3, Surg-ARCA produces stage-wise
control hints that are injected into selected DiT blocks of the
pretrained Wan2.2 backbone. Let L = 30 denote the total
number of DiT blocks and

Lctrl = {li}Ni=1 ⊆ {1, . . . , L} (4)

denote the selected control injection layers, where N is
the number of control stages. At the i-th control stage, the
backbone feature is updated as

hli+1 = Fli (hli ; t, y) + ηCi, i = 1, . . . , N, (5)

where Fli denotes the li-th Wan2.2 DiT block, Ci is the stage-
wise control hint produced by Surg-ARCA, and η controls the
overall injection strength. Blocks outside Lctrl follow the orig-
inal Wan2.2 forward path. The construction and multimodal
composition of Ci are introduced in the following sections.

B. Hierarchical Surgical Anchor
In complex laparoscopic scenes, surgical instruments, target

tissues, and background tissues exhibit distinct spatial hierar-
chies and visual characteristics. A single semantic mask is
therefore insufficient to jointly represent region identity, local
boundaries, and instrument–tissue interaction relationships.
Moreover, semantic masks provide structural constraints but
cannot preserve instrument material, tissue texture, or scene
illumination. Without a stable appearance reference, generated
videos may suffer from instrument identity drift and inconsis-
tent tissue appearance. To address these limitations, we use
temporally aligned hierarchical semantic masks to define the
spatial organization of the surgical scene and employ the first
frame as a region-specific appearance reference. Together, they
form a stable surgical anchor shared by all optional control
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Fig. 3. Overview of Surg-UniWorld and the proposed Surgical Anchor-Relative Control Adapter (Surg-ARCA). The Hierarchical Surgical Anchor
establishes persistent appearance and structural references. Optional edge, depth, and optical-flow conditions are interpreted by Anchor-Relative
Modality Experts, and the Multimodal Control Expert combines their anchor-relative increments into stage-wise surgical control hints for the
pretrained Wan2.2 backbone.

modalities, rather than being treated as additional controls
equivalent to edge, depth, or optical flow.

Given the reference frame I0, the Appearance Encoder
maps it into a set of dense visual tokens:

P0 = fapp(I0), P0 ∈ RN0×d. (6)

In implementation, the reference frame is temporally repeated
to match the video-conditioning interface, while only the first
temporal token plane is retained to construct P0. Therefore, P0

is derived exclusively from the observed frame and provides a
shared appearance reference for all control stages. Importantly,
P0 corresponds directly to the Appearance Tokens shown
in Fig. 3; region-specific appearance pooling is performed
subsequently inside the Hierarchical Surgical Anchor rather
than inside the Appearance Encoder.

The semantic mask sequence consists of three mutually
exclusive leaf regions:

M =
[
M inst,M fg,Mbg

]
, M inst+M fg+Mbg = 1. (7)

At the i-th control stage, the masks are aligned with the
corresponding spatiotemporal token grid to obtain the region
weights Wi. Meanwhile, the masks, their spatial boundaries,
and their temporal variations are jointly encoded by the Mask
Field Encoder into shape tokens Si:

Wi = Di(M), Si = f i
mask ([M,B(M), |∆τM|]) . (8)

Here, Di(·) aligns the semantic masks with the token resolu-
tion of the i-th control stage, B(·) extracts region boundaries,
and ∆τ denotes temporal mask differences. We use τ for video
time to distinguish it from the diffusion timestep. The region
weights Wi identify the locations of the instrument, foreground

tissue, and background tissue, whereas the shape tokens Si

encode their contours and temporal structural evolution.
As illustrated in Fig. 3, the Hierarchical Surgical Anchor

(HSA) receives the appearance tokens P0, shape tokens Si,
and region weights Wi, and produces two complementary
representations: a dense anchor hint Ai and a compact region
anchor bank Bi. The appearance tokens are first organized into
a region-aware key–value memory through masked attention:

{Kr
i , V

r
i }r∈Rleaf

= MaskedAttni (P0;Wi) , (9)

where Rleaf = {inst, fg,bg}. The masked attention uses the
corresponding region weights as spatial biases and employs
multiple learnable queries for each region. This allows the re-
sulting memory to preserve diverse local appearance patterns,
including instrument reflections, heterogeneous tissue textures,
and spatially varying illumination. When Wi is applied to P0,
only its first temporal plane, aligned with the appearance-token
resolution, is used.

To construct the dense anchor hint, the shape tokens are
projected into structural queries and retrieve appearance infor-
mation from each region-specific memory:

Rr
i = CrossAttn (MLPi(Si),K

r
i , V

r
i ) ,

Ai = Si + Proji

( ∑
r∈Rleaf

W r
i ⊙Rr

i

)
.

(10)

This region-weighted residual fusion preserves the structural
information encoded by Si while introducing appearance cues
only into their semantically corresponding regions. Conse-
quently, Ai provides a dense structure–appearance represen-
tation aligned with the spatiotemporal token grid.
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In parallel, HSA summarizes the region-aware appearance
memory into a compact anchor bank:

Bi = RegionPool (Ki, Vi) +MeanPool (Ki, Vi) , (11)

where Ki = [Kr
i ]r and Vi = [V r

i ]r. Region pooling preserves
the identities and local appearance characteristics of individual
surgical regions, whereas mean pooling supplies complemen-
tary global scene context. The dense anchor hint Ai is used
for token-aligned anchor modulation and multimodal fusion,
while the compact anchor bank Bi provides the region-aware
key–value reference for the subsequent model experts.

C. Anchor-Relative Modality Experts
Although edge, depth, and optical flow are all dense visual

conditions, they encode distinct properties of a surgical scene.
Edge emphasizes contours and interaction boundaries, depth
describes spatial geometry, and flow captures instrument and
tissue motion. Direct concatenation would mix their het-
erogeneous statistics and couple the model to a fixed set
of inputs. We instead treat them as optional evidence and
introduce a modality-specific expert Em for each m ∈ Mopt =
{edge, depth,flow}. The experts share the same architecture
but have independent parameters. Each expert is reused across
all eight control stages and interprets its modality relative
to the same surgical anchor rather than redefining the scene
independently.

Each available control sequence Um is first converted into
a VACE-compatible latent using its validity mask Ωm. A
lightweight typed condition stem then preserves its modality-
specific local characteristics:

Vm = Econd(Um,Ωm),

Ṽm = Vm + σ(gm)W out
m SiLU

(
W local

m ∗ Vm

)
.

(12)

Here, W local
m is a 1 × 3 × 3 spatial convolution for edge and

depth and a 3×3×3 spatiotemporal convolution for flow. The
zero-initialized W out

m makes the stem initially preserve Vm

before learning modality-specific residuals. No cross-modal
interaction is performed at this stage.

Let Lctrl = {li}Ni=1 denote the selected control injection
layers. Each typed condition is independently processed by the
shared VACE patch embedding and the corresponding context
blocks:

{Hm,i}Ni=1 = EVACE

(
PE(Ṽm) + em;xt, t, y

)
, (13)

where em is a learnable modality embedding and Hm,i is the
control hint associated with layer li. All modalities share the
VACE encoder parameters but use separate forward passes,
without token concatenation or cross-modal attention. Miss-
ing modalities are skipped. The shared encoder provides a
common feature space, while the typed stems and modality
embeddings preserve modality identity. Each Hm,i is then
passed only to its corresponding expert Em.

At each control stage, the modality expert interprets Hm,i

relative to the surgical anchor, since the meaning and reliability
of a local control cue depend on its semantic region. Optical
flow describes instrument motion in instrument regions but
tissue deformation in foreground regions. Depth characterizes

instrument–tissue ordering and tissue surface geometry, while
edge cues emphasize instrument contours and contact bound-
aries rather than irrelevant texture or illumination changes.
Directly injecting these features could therefore propagate
ambiguous evidence across unrelated regions. We use the
compact anchor bank Bi to provide region-specific references
and the region weights Wi to guide each token toward its
corresponding anchor prototypes.

After RMS normalization and linear projection, the modality
hint is mapped into a query:

Qm,i = W q
m RMSNorm (Hm,i) . (14)

Meanwhile, the anchor bank is projected into the key and value
features (KB

i , V B
i ) = ϕkv(Bi). The region-grounded modality

context is then computed as

Zreg
m,i = softmax

(
Qm,i(K

B
i )⊤√

da
+ ηm log(Wi + ϵ)

)
V B
i .

(15)
Here, Wi is broadcast over the prototypes associated with
each semantic region. The resulting bias encourages tokens
to retrieve appearance and structural references from their
corresponding surgical regions, reducing interference between
instruments, tissues, and background.

Although Bi provides compact regional references, it does
not retain dense token-level structure. We therefore further
modulate the grounded modality context using the dense
anchor hint Ai:

∆Cm,i = AnchorModm
(
Zreg
m,i, Ai

)
. (16)

This modulation converts the optional control into an incre-
ment relative to the stable surgical anchor, rather than allowing
it to overwrite the scene structure directly. Consequently,
∆Cm,i preserves the semantic layout and appearance estab-
lished by HSA while introducing only the modality-specific
information supported by Hm,i.

D. Multimodal Control Expert

To integrate the Hierarchical Surgical Anchor with optional
edge, depth, and optical-flow evidence before injection into the
Wan2.2 DiT backbone, we introduce the Multimodal Control
Expert (MCE). At each control stage, the MCE performs
contribution-preserving composition by combining the dense
anchor hint Ai with the anchor-relative control increments
∆Cm,i produced by the available Anchor-Relative Modality
Experts, yielding the final surgical control hint Ci.

Let Mc = {edge,depth, flow} and S ⊆ Mc denote the set
of available controls. The availability indicator am = I[m ∈ S]
is determined directly from the input; unavailable modalities
are skipped during VACE encoding and expert inference.
Each expert increment is scaled by a learnable stage-wise
factor λm,i = σ(sm,i) ∈ (0, 1), which captures the varying
importance of modality m across the control hierarchy without
input-dependent prediction or cross-modal normalization.

The surgical control hint at stage i is composed as

Ci(S) = Ai +
∑

m∈Mc

amλm,i∆Cm,i. (17)
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When no optional modality is available, the model reduces to
anchor-only generation with Ci(∅) = Ai. Because the expert
increments are added without joint transformation or normal-
ization, activating or removing one modality changes only its
own contribution and leaves the remaining controls unchanged.
The resulting Ci(S) is injected into the corresponding Wan2.2
DiT block li following Eq. (5).

E. Training Objectives
We follow the standard latent flow-matching objective. Let

S ⊆ Mc denote the set of available optional controls, and
let v̂S = vθ(zt, t, y, I0,M,US) denote the predicted velocity,
with v⋆ being its flow-matching target. We define:

∥E∥pQΩ,p =

∑
Q⊙ Ω⊙ |E|p∑

Q⊙ Ω
, (18)

where Ω is the surgical importance field defined below. Since
the first frame is provided as the reference condition, its latent
temporal plane is excluded through the validity mask Q.

1) Region-aware flow-matching loss LFM.: A uniform flow-
matching objective can be dominated by large background re-
gions, although instrument regions and interaction boundaries
are more critical for surgical video generation. We therefore
construct a surgical importance field:

Ω = 1 +
∑

r∈Rleaf

αrM
r + B(M inst) + |∆τM

inst|, (19)

where Rleaf = {inst, fg, bg}. We set αinst = 2.0, αfg =
1.0, and αbg = 0.5 for all experiments. The boundary and
temporal terms further emphasize instrument contours and
moving interaction regions. The resulting region-aware flow-
matching objective is

LFM = ∥v̂S − v⋆∥2QΩ,2. (20)

This formulation integrates region and boundary supervision
directly into flow matching without requiring an additional
latent edge loss.

2) Temporal Structure Loss LTS.: Although LFM improves
reconstruction in important regions, it does not explicitly con-
strain inter-frame variations. To suppress instrument flickering,
contour discontinuities, and inconsistent tissue motion, we
match the temporal velocity differences:

LTS = ∥∆τ v̂S −∆τv
⋆∥2Q̄Ω̄,2 , (21)

where Ω̄τ = (Ωτ + Ωτ−1)/2 and Q̄ is the corresponding
valid mask for adjacent latent frames. The weighting focuses
temporal supervision on instruments and their surrounding
interaction regions.

3) Control Benefit Loss LCB.: The zero-initialized expert
projections stabilize optimization but may cause an expert to
remain close to an inactive branch. We therefore evaluate the
effect of removing an active modality m ∈ S. Let RS =
∥v̂S − v⋆∥2QΩ,2 denote the prediction risk under control set S.
The loss is

LCB = max
(
0, RS − (1− ρ) sg

(
RS\{m}

))
, (22)

where sg(·) denotes stop-gradient and ρ is a relative improve-
ment margin. This objective encourages every activated expert
to provide a measurable reduction in denoising error.

4) Marginal Consistency Loss LMC.: Although the control
hints are additively composed, the nonlinear DiT backbone
may alter an expert’s effect when other controls are present.
We therefore encourage the marginal contribution of modality
m to remain consistent between single- and multi-modal
settings:

LMC =
∥∥(v̂S − v̂S\{m}

)
−
(
v̂{m} − v̂∅

)∥∥
QΩ,1

. (23)

This constraint supports predictable control composition with-
out requiring cross-modal normalization or an additional fu-
sion network.

5) Overall objective L.: To reduce the computational cost of
counterfactual inference, we evaluate the control benefit and
marginal consistency losses every K = 16 optimization steps.
Let χk = I[k mod K = 0], where k is the current optimization
step. The complete training objective is

L = LFM + λTSLTS + χk (λCBLCB + λMCLMC) . (24)

We set λTS = 0.1 and λCB = λMC = 0.01 in all experiments.
Here, S denotes the set of available optional controls, exclud-
ing the always-on surgical anchor. For anchor-only samples
(S = ∅), only LFM and LTS are applied. The control benefit
loss LCB is activated when |S| ≥ 1, while the marginal
consistency loss LMC is additionally activated when |S| ≥ 2.

V. EXPERIMENTS

A. Experimental Setup and Details
1) Dataset and Baselines:: All experiments are conducted

on Cholec80-SurgWAM using 49-frame clips at a resolution
of 832 × 480. We consider two evaluation settings: sur-
gical video prediction from text and the first frame, cov-
ering LTXV-2B [13], Wan2.2-5B [14], Cosmos-H-Predict-
2B [4], SurgSora [9], and Endora [8]; and controllable gen-
eration with additional spatial or motion conditions, cov-
ering Cosmos-H-Transfer-2B [4], VACE-Wan2.2 [16], and
ControlNet-Wan2.2 [15]. Each baseline is evaluated with the
conditions supported by its interface, whereas Surg-UniWorld
uses first-frame appearance and hierarchical masks as the
surgical anchor and supports arbitrary subsets of optional
depth, edge, and optical-flow controls.

2) Evaluation Metrics: Following the unified video-
generation evaluation protocol adopted in VACE [16], we
evaluate the surgical videos generated using PSNR, SSIM,
LPIPS, FID and FVD. PSNR and SSIM measure pixel-level
fidelity and structural similarity, whereas LPIPS evaluates
perceptual similarity. FID measures frame-level distribution
quality, while FVD captures spatiotemporal realism. Higher
PSNR and SSIM and lower LPIPS, FID, and FVD indicate
better performance. To evaluate control adherence, we
also report Edge F1, Depth si-RMSE, and Flow EPE for
configurations containing the corresponding control modality.
Following prior controllable generation protocols [23], each
condition is re-extracted from the generated video using
a fixed modality estimator and compared with the input
control. Higher Edge F1 indicates better boundary alignment,
whereas lower Depth si-RMSE and Flow EPE indicate better
geometric and motion adherence, respectively. All metrics
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TABLE II
QUANTITATIVE COMPARISON WITH EXISTING VIDEO GENERATION AND CONTROL METHODS. ↑ INDICATES THAT HIGHER IS BETTER, WHILE ↓

INDICATES THAT LOWER IS BETTER.

Model Control Configuration PSNR ↑ SSIM ↑ LPIPS ↓ FVD ↓ FID ↓ Edge F1 ↑ Depth si-RMSE ↓ Flow EPE ↓

LTXV-2B [13] – 14.996 0.546 0.480 1229.801 71.627 0.108 0.206 3.911
Wan2.2-5B [14] – 17.044 0.632 0.327 288.250 14.835 0.159 0.138 3.197
Cosmos-H-Predict-2B [4] – 16.326 0.606 0.340 202.483 11.329 0.146 0.126 2.724
SurgSora [9] – 15.341 0.524 0.298 286.440 30.739 0.234 0.174 3.048
Endora [8] – 11.000 0.325 0.773 3391.060 118.599 0.045 0.277 12.188

Cosmos-H-Transfer-2B [4]

Mask 13.613 0.434 0.522 344.761 61.851 0.338 0.154 2.711
Depth 12.127 0.370 0.663 331.035 59.827 0.252 0.209 3.342
Edge 16.304 0.456 0.337 584.788 57.092 0.347 0.134 2.124
Flow 14.329 0.308 0.595 492.314 99.534 0.317 0.211 1.947

VACE-Wan2.2-5B [16]

Mask 18.119 0.644 0.274 104.461 11.312 0.428 0.112 2.335
Depth 17.368 0.635 0.302 111.888 11.668 0.345 0.117 3.236
Edge 17.103 0.622 0.294 125.737 12.350 0.444 0.110 3.197
Flow 18.103 0.642 0.267 131.049 12.608 0.329 0.112 2.297

ControlNet-Wan2.2-5B [15]

Mask 17.441 0.654 0.286 349.332 18.878 0.330 0.124 2.094
Depth 17.992 0.657 0.300 290.766 14.579 0.294 0.129 2.974
Edge 18.499 0.677 0.209 252.322 14.524 0.328 0.101 2.312
Flow 18.018 0.646 0.305 312.219 19.685 0.309 0.133 3.160

Surg-UniWorld

Mask 18.804 0.657 0.297 270.996 10.019 0.301 0.137 3.567
Mask+Depth 18.951 0.669 0.289 258.298 8.936 0.321 0.102 2.959
Mask+Edge 20.159 0.702 0.207 100.654 7.960 0.459 0.107 1.981
Mask+Flow 19.946 0.698 0.225 142.344 7.585 0.440 0.122 1.742
Mask+Edge+Depth 20.648 0.708 0.197 118.882 7.731 0.433 0.099 1.480
Mask+Edge+Flow 20.833 0.716 0.191 94.243 7.659 0.461 0.098 1.308
Mask+Depth+Flow 20.231 0.702 0.206 107.686 7.576 0.469 0.099 1.901
All 21.250 0.722 0.186 92.981 7.359 0.506 0.095 1.327

Fig. 4. Qualitative comparison of controllable surgical video generation. Representative results are shown under different conditions. Surg-
UniWorld better preserves instrument appearance, instrument–tissue boundaries, anatomical structure, and motion consistency while following the
corresponding controls.

are further evaluated within the instrument, foreground-tissue,
and background-tissue regions using the temporally aligned
semantic masks.

3) Implementation Details: For all modality-conditioned
methods, the pretrained generative backbone is frozen and only
the additional control modules are optimized for 7,500 steps on
four NVIDIA H100 GPUs using AdamW with a learning rate
of 2×10−5. The number of control injection layers is fixed to
N = 8 for Surg-UniWorld, VACE-Wan2.2, and ControlNet-
Wan2.2. To support arbitrary control availability, the active
modality subset S ⊆ Mc is sampled according to

p(S) =

{
0.20, S = ∅ or S = Mc,

0.10, otherwise,
(25)

where Mc = {edge, depth,flow}. This strategy emphasizes
the anchor-only and full-control settings while retaining bal-
anced exposure to all single- and dual-modal combinations.

B. Comparison with Baselines

1) Quantitative Evaluation: As shown in Table II, the full-
control configuration of Surg-UniWorld achieves the strongest
overall performance, with a PSNR of 21.250, an SSIM of
0.722, an LPIPS of 0.186, an FVD of 92.981, and an FID
of 7.359. Compared with the strongest baseline results, it
improves PSNR by 2.751 dB and reduces FVD and FID by
approximately 11.0% and 34.9%, respectively. The consistent
improvements across pixel-level, perceptual, and spatiotem-
poral metrics indicate that the gains extend beyond frame
reconstruction to overall temporal realism. The full-control
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Fig. 5. Qualitative analysis of control-modality composition in Surg-UniWorld. Multimodal combinations better preserve appearance, structure,
interaction boundaries, and motion coherence than single-control settings.
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Fig. 6. Effect of control-modality composition on overall and region-specific performance. Radar plots summarize normalized generation-quality
and control-adherence scores for (a) the full frame, (b) instrument regions, (c) foreground-tissue regions, and (d) background-tissue regions across
all optional-control combinations. Lower-is-better metrics are direction-aligned such that a larger radius consistently indicates better performance.

configuration also obtains an Edge F1 of 0.506 and a Depth
SI-RMSE of 0.095, while the Mask+Edge+Flow configuration
achieves the lowest Flow EPE of 1.308. These results demon-
strate that the proposed anchor-centered multimodal control
framework improves generation quality while maintaining
strong adherence to heterogeneous surgical conditions.

2) Qualitative Evaluation: As shown in Fig. 4, we compare
different controllable generators under mask, depth, optical-
flow, and edge conditions. Existing methods generally re-
produce the coarse content of the reference scene but ex-
hibit noticeable appearance and structural inconsistencies.
Cosmos-H-Transfer often deviates from the reference tissue
appearance and anatomical layout, whereas VACE-Wan2.2
and ControlNet-Wan2.2 better preserve the global scene but
remain susceptible to instrument deformation, boundary mis-
alignment, and local tissue distortion. In contrast, Surg-
UniWorld more consistently preserves instrument identity,
tissue appearance, anatomical structure, and instrument–tissue
spatial relationships while following the corresponding con-
ditions. Specifically, mask conditioning maintains the pre-
scribed semantic layout and object contours, depth condition-
ing improves the geometric organization of foreground and
background regions, optical-flow conditioning produces more
coherent instrument and tissue motion, and edge condition-
ing better retains instrument boundaries and fine structural
details. These observations demonstrate that Surg-UniWorld
effectively interprets heterogeneous controls according to their
distinct roles, producing more controllable surgical scenes.

C. Analysis of Multimodal Control
1) Region-wise Modality Specificity and Control Adherence:

Fig. 7 presents a cross-modality evaluation of depth, optical-
flow, and edge controls within the instrument, foreground-
tissue, and background-tissue regions. The modality-matched
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Fig. 7. Region-wise comparison of multimodal control adherence.
Depth SI-RMSE, Flow EPE, and Edge F1 are evaluated separately
within instrument, foreground-tissue, and background-tissue regions.

entries consistently exhibit the strongest performance, indicat-
ing that each injected modality primarily improves its cor-
responding control property. Specifically, depth conditioning
achieves Depth SI-RMSE values of 0.103, 0.097, and 0.088
across the three regions; flow conditioning obtains Flow EPE
values of 4.162, 1.252, and 0.687; and edge conditioning
reaches Edge F1 scores of 0.654, 0.433, and 0.698. Moreover,
Surg-UniWorld achieves the best matched control-adherence
result across all nine modality–region pairs compared with
the baselines. This diagonal dominance demonstrates that the
Anchor-Relative Modality Experts preserve distinct geometric,
motion, and boundary information while enabling effective
region-aware control.

2) Effect of Multimodal Control Composition: As reported in
Table II, the optional controls provide distinct and complemen-
tary benefits. Compared with the anchor-only configuration,
denoted as “Mask” in the table, adding depth reduces Depth
SI-RMSE from 0.137 to 0.102, adding optical flow reduces
Flow EPE from 3.567 to 1.742, and adding edge increases
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TABLE III
ABLATION STUDIES ON TRAINING OBJECTIVES, CONTROL-SUBSET SAMPLING, AND THE EFFECTS OF REGION GROUNDING AND STAGE-WISE

SCALING.

Configuration PSNR↑ SSIM↑ LPIPS↓ FVD↓ FID↓ Edge F1↑ Depth SI-RMSE↓ Flow EPE↓

Loss Training Objective Ablation
w/o LTS 21.073 0.715 0.192 109.384 7.683 0.501 0.097 1.462
w/o LCB 20.982 0.714 0.196 102.764 7.821 0.487 0.100 1.405
w/o LMC 21.108 0.718 0.190 98.716 7.612 0.498 0.097 1.369
Full objective (Ours) 21.250 0.722 0.186 92.981 7.359 0.506 0.095 1.327

Control-Subset Sampling Control-Subset Training Strategies
All-controls only 20.582 0.696 0.211 118.734 8.462 0.472 0.104 1.492
Uniform subset sampling 21.089 0.717 0.192 98.624 7.648 0.498 0.098 1.372
Random sampling 21.061 0.716 0.193 99.438 7.691 0.496 0.099 1.384
Biased subset sampling (Ours) 21.250 0.722 0.186 92.981 7.359 0.506 0.095 1.327

Region Grounding Stage-wise Scale Region Grounding and Stage-Wise Scaling
× 1 20.450 0.699 0.211 121.839 8.720 0.511 0.097 1.446
✓ 1 20.920 0.714 0.195 105.631 7.919 0.524 0.096 1.354
× λm,i 20.860 0.711 0.198 107.442 8.054 0.494 0.103 1.385
✓ λm,i 21.250 0.722 0.186 92.981 7.359 0.506 0.095 1.327

TABLE IV
ABLATION OF THE CORE ARCHITECTURAL DESIGNS.

Configuration LPIPS↓ FVD↓ Edge F1↑ Depth SI-RMSE↓ Flow EPE↓

Flat Appearance–Structure Anchor 0.199 108.416 0.498 0.098 1.381
Shared Modality Expert 0.196 104.128 0.490 0.097 1.403
w/o Anchor-Relative Modulation 0.191 99.287 0.513 0.094 1.355
Full Architecture (Ours) 0.186 92.981 0.506 0.095 1.327

Edge F1 from 0.301 to 0.459. These results confirm that depth,
flow, and edge primarily strengthen geometric, motion, and
boundary constraints, respectively. Fig. 6 further visualizes the
normalized performance profiles across the full frame and the
instrument, foreground-tissue, and background-tissue regions.
Multimodal configurations generally provide broader and more
balanced performance than single-control settings, with the
full configuration achieving the best result on seven of the
eight metrics among all Surg-UniWorld configurations. The
three representative cases in Fig. 5 provide consistent visual
evidence: single controls mainly improve their corresponding
scene properties, whereas multimodal combinations better
preserve instrument appearance, tissue structure, interaction
boundaries, and motion coherence.

D. Ablation Studies

1) Ablation of Core Architectural Designs: As shown in
Table IV, replacing the Hierarchical Surgical Anchor with flat
appearance–structure fusion increases LPIPS from 0.186 to
0.199 and FVD from 92.981 to 108.416, demonstrating the
benefit of region-specific appearance memory and hierarchi-
cal region-aware anchoring. Using a shared modality expert
reduces Edge F1 to 0.490 and increases Flow EPE to 1.403,
confirming that boundary, geometric, and motion evidence
requires modality-specific interpretation. Removing anchor-
relative modulation slightly improves Edge F1 and Depth SI-
RMSE to 0.513 and 0.094, respectively, but increases LPIPS,
FVD, and Flow EPE. This suggests that directly applying
modality evidence may strengthen local control conformity
at the expense of perceptual quality, temporal realism, and
motion coherence. Overall, the complete architecture provides

the best balance between generation quality and multimodal
control adherence.

2) Ablation of Training Objectives: As shown in Table III, re-
moving any auxiliary objective degrades overall performance.
Without LTS, FVD increases from 92.981 to 109.384 and
Flow EPE from 1.327 to 1.462, confirming its importance
for temporal consistency. Removing LCB produces the lowest
Edge F1 of 0.487, indicating that explicitly encouraging each
activated expert to reduce denoising error improves control
effectiveness. Removing LMC also increases FVD and Flow
EPE to 98.716 and 1.369, respectively, supporting its role in
maintaining consistent modality contributions across control
subsets. These results demonstrate the complementary roles
of the three auxiliary objectives.

3) Ablation of Control-subset Sampling: Training with all
controls only yields substantially worse performance, indi-
cating limited robustness when one or more modalities are
unavailable at inference time. Uniform and random subset
sampling improve performance by exposing the model to
different modality combinations, whereas the proposed biased
sampling achieves the best results across all metrics. This
confirms that emphasizing the anchor-only and full-modal
settings while retaining single- and dual-modal configurations
provides an effective balance between stable generation and
flexible multimodal control.

4) Ablation of Region Grounding and Stage-Wise Scaling:
Region grounding with a fixed scale reduces FVD from
121.839 to 105.631 and increases Edge F1 from 0.511 to
0.524, demonstrating the benefit of aligning modality evi-
dence with region-specific anchor prototypes. Stage-wise scal-
ing alone also improves generation quality, reducing FVD
to 107.442 and Flow EPE to 1.385. Combining both de-
signs achieves the strongest overall performance, including
an LPIPS of 0.186, an FVD of 92.981, and a Flow EPE of
1.327. Although fixed-scale grounding yields a slightly higher
Edge F1, the complete configuration provides the best overall
balance between generation quality and control fidelity.

5) Ablation of Composition Strategies in the Multimodal Con-
trol Expert: Table V and Fig. 8 compare alternative com-
position strategies in the Multimodal Control Expert. Direct
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TABLE V
COMPARISON OF COMPOSITION STRATEGIES IN THE MULTIMODAL

CONTROL EXPERT.

Composition Strategy LPIPS↓ FVD↓ Edge F1↑ Depth SI-RMSE↓ Flow EPE↓

Feature Concatenation 0.199 105.842 0.493 0.101 1.402
Direct Summation 0.204 112.476 0.518 0.092 1.281
Softmax Gating 0.192 99.638 0.489 0.098 1.391
Stage-Wise Composition (Ours) 0.186 92.981 0.506 0.095 1.327

0.00 0.02 0.04 0.06 0.08
Marginal Contribution Drift 

Feature
Concatenation

Direct
Summation

Softmax
Gating

0.011 0.056
80.4% 

Ours

0.011 0.023
52.2% 

0.011 0.081
86.4% 

Fig. 8. Marginal contribution stability of different composition strategies.
Our stage-wise composition yields the lowest drift.

summation achieves the strongest individual control-adherence
scores, with an Edge F1 of 0.518, a Depth SI-RMSE of 0.092,
and a Flow EPE of 1.281, but substantially degrades generation
quality, increasing LPIPS and FVD to 0.204 and 112.476. Fea-
ture concatenation and softmax gating provide more balanced
results but introduce stronger coupling among modality con-
tributions. In contrast, the proposed contribution-preserving
stage-wise composition achieves the best LPIPS of 0.186
and FVD of 92.981 while maintaining competitive boundary,
geometric, and motion fidelity. It further reduces marginal
contribution drift to 0.011, corresponding to reductions of
80.4%, 52.2%, and 86.4% relative to feature concatenation,
direct summation, and softmax gating, respectively. These
results demonstrate that preserving each expert’s independent
contribution provides a better balance between generation
quality, control fidelity, and multimodal composition stability.

VI. CONCLUSION

In this work, we presented Surg-UniWorld, a unified sur-
gical world model for controllable generation of laparoscopic
instrument–tissue interactions under flexible multimodal con-
ditions. Surg-UniWorld constructs a Hierarchical Surgical
Anchor from first-frame appearance and hierarchical seman-
tic masks, interprets edge, depth, and optical-flow evidence
through Anchor-Relative Modality Experts, and combines
their stage-wise increments using contribution-preserving
multimodal composition. We further introduced Cholec80-
SurgWAM and demonstrated through extensive comparisons
and ablations that the proposed framework improves visual
fidelity, temporal coherence, region-level control adherence,
robustness to arbitrary modality subsets, and marginal con-
tribution stability. These results establish the separation of
persistent surgical anchors from optional modality evidence
as a scalable design principle for surgical simulation, data
augmentation, and future action-conditioned learning.
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