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Abstract. Vessel safety in endoscopic surgery, particularly in Endo-
scopic Submucosal Dissection (ESD), is currently supported by segmenta-
tion-based visual guidance, which provides spatial awareness but cannot
anticipate dangerous vessel-instrument interactions before they occur.
To address this limitation, we formulate vessel-instrument interaction
anticipation as a new task that predicts the upcoming interaction state
from a short observation window of frames and predicted segmentation
masks. This task presents a fundamental tension between observation
reliability and temporal sufficiency, as both visual and segmentation-
derived inputs are inherently noisy, yet the brief observation window of-
fers no margin to absorb such noise, with different interaction categories
further exhibiting heterogeneous temporal evidence patterns. To address
these coupled challenges, we propose a hierarchical framework that ex-
plicitly decouples reliability estimation from temporal reasoning. A cross-
modal latent recovery module enforces consistency between visual and
geometric observations through an information bottleneck, learning a
shared representation that prevents segmentation noise from propagating
into temporal reasoning. A dual asynchronous memory module separates
transient dynamics from stable interaction prototypes through differen-
tiated admission and retrieval strategies, enabling robust temporal rea-
soning under unreliable observations. We construct the first multi-case
annotated ESD dataset for this task and demonstrate that the proposed
framework achieves 70.80% Macro F1 at 97.82 FPS, confirming both
strong anticipation performance and real-time clinical applicability.

Keywords: Surgical Safety - Interaction Anticipation - Temporal Modeling

1 Introduction

Avoiding vessel injury is critical for safe endoscopic surgery [1-3], as unintended
instrument—vessel contact can trigger bleeding that complicates the procedure
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Fig. 1. Task definition and challenges of vessel-instrument interaction anticipation.
Problem 1: Unstable vessel segmentation introduces observation noise. Problem 2: In-
teraction states depend on different temporal evidence distributions.

and compromises patient safety. This risk is particularly acute in Endoscopic
Submucosal Dissection (ESD) [4-6], where the instrument operates within a
confined submucosal field with dense vascular exposure [7-9]. Current computer-
assisted approaches address vessel safety through segmentation, delineating ves-
sel regions in individual frames [10, 11]. However, segmentation describes the cur-
rent scene but cannot capture how the instrument—vessel relationship is evolving
[12]. An instrument rapidly approaching a vessel produces the same segmenta-
tion output as one held stationary at equal distance [13], offering no advance
warning of impending contact [14]. This motivates a shift from static vessel per-
ception to proactive interaction anticipation to alert the operator before
risk materializes.

Realizing this goal requires predicting the upcoming interaction state from a
short observation window of frames and their segmentation masks. Since manual
annotation is unavailable during actual procedures, the masks must be gener-
ated by a segmentation model and inevitably contain boundary jitter, partial
disappearance, and false detections [15], corrupting both visual features and the
geometric measurements derived from them (Fig. 1). In longer sequences, such
noise could be absorbed through temporal redundancy, but a brief observation
window offers limited margin for error, creating a tension between observation
reliability and temporal sufficiency. Moreover, not all interaction states depend
on the same part of the observation [16] (Fig. 1). Touching depends heavily on
the final frames where the instrument and vessel converge, while approaching
requires a sustained spatial trend across the full sequence. A single corrupted
frame therefore carries category-dependent consequences for prediction.

These challenges demand models capable of selective and reliable temporal
reasoning. Existing temporal models in surgical video analysis have achieved
strong results in phase recognition and action anticipation [17-19], but rely on an
implicit assumption that observations faithfully represent the underlying surgical
scene. When this assumption breaks down, the model must first evaluate whether
each frame constitutes genuine interaction evidence or segmentation noise before
extracting temporal patterns. Such architectures conflate these two functions
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into a single learned process, so that noise is encoded indistinguishably from
signal and propagated through temporal aggregation. Addressing this problem
requires explicitly decoupling reliability estimation from temporal modeling, and
adapting temporal reasoning to the evidence structure specific to each interaction
category.

Following this principle, we propose a framework that explicitly separates re-
liability estimation from temporal modeling. Specifically, a cross-modal latent
recovery module learns a shared interaction representation from which both
visual features and geometric descriptors can be reconstructed. By enforcing
consistency between two independently noisy observation channels, this module
recovers interaction structure that neither modality can provide alone, prevent-
ing observation noise from propagating into temporal reasoning. Building on
these stabilized representations, a dual asynchronous memory module maintains
a transient memory that captures recent dynamics sensitive to late-stage decisive
interaction cues, alongside a prototypal memory that selectively accumulates
only reliable observations to model stable interaction patterns over time. To-
gether, differentiated retrieval strategies and cross-modal alignment supervision
enable robust temporal reasoning under noisy observations.

Our contributions are as follows. (1) We introduce vessel-instrument interac-
tion anticipation as a new task for surgical safety in ESD, and construct the first
multi-case annotated dataset for this problem. (2) We propose a cross-modal la-
tent recovery mechanism that enforces structural consistency between visual and
geometric observations, learning a shared representation resilient to observation
noise in either modality. (3) We design a dual asynchronous memory module with
reliability-aware training that decouples transient dynamics from stable interac-
tion prototypes, enabling effective anticipation under heterogeneous temporal
evidence. (4) Experiments on our ESD dataset validate the effectiveness of the
proposed framework, achieving 70.80% Macro F1 and 97.82 FPS, demonstrating
strong anticipation performance and real-time capability. The code is available
at: https://github.com/med-air /EndolInteraction Anticipation.

2 Method

2.1 Overview

This work presents a hierarchical framework that transforms unreliable multi-
modal observations into stable interaction predictions through representation
recovery and reliability-aware temporal reasoning. The goal is to anticipate the
vessel-instrument interaction state one second into the future from a short ob-
servation window of an ESD video clip, where 16 frames are uniformly sampled
from the first three seconds, each paired with a predicted segmentation mask.
The model learns from these observations to predict the interaction category at
the target timestep, where no observation is available.

Let I = {(z;,s:)}._, denote the observation window of 7' frames, where z;
is the i-th RGB frame and s; is the corresponding segmentation mask. The
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Fig. 2. Overview of the proposed framework for vessel-instrument interaction antic-
ipation under unreliable observations. Cross-modal latent recovery (CLR) stabilizes
representations, while dual memories combine transient consistency and reliability-
filtered prototypal evidence for future interaction prediction.

model produces a representation f™ used for predicting the interaction category
yr+1 € {no_interaction, approaching, touching} at the next timestep:

fm = Fmemory (-Flatent (I)); (1)

where Flatent () maps visual and geometric observations into a shared latent
space via cross-modal consistency (Sec. 2.2), and Fmemory(-) integrates temporal
evidence through dual asynchronous memory (Sec. 2.3).

2.2 Cross-Modal Latent Recovery

To address inconsistencies between visual and geometric observations under un-
reliable segmentation, we introduce a cross-modal latent recovery module that
aligns the two modalities within the intermediate layers of the ViT-B [20] en-

coder. At timestep ¢, a visual representation ft(s) is extracted from intermediate
transformer features, and a geometric descriptor g; is computed from the pre-
dicted segmentation mask s;. The geometric descriptor encodes the instrument—
vessel spatial relationship through measurements of spatial proximity, relative
motion, and structural visibility. The recovered latent state is projected back to
the token space to refine the representation for subsequent transformer blocks.
Rather than directly fusing these observations, we introduce a latent inter-
action state h; € R™ with that serves as an information bottleneck to retain
modality-consistent interaction structure while suppressing modality-specific noise.
The visual and geometric features are first projected into modality-specific latent
representations and then fused to produce the shared latent state h;. The latent
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state is required to reconstruct both observations through learnable mappings
f() and g(-), enforced by

~ 2
O = F )|+ Mg = ah) 3. (2)

Because h; must explain both visual and geometric observations, only modality-
consistent interaction structure is preserved. The recovered latent interaction
state h; is projected back to the token space to refine the representation before
temporal reasoning.

Lcir = ‘

2.3 Dual Asynchronous Memory

This module performs temporal reasoning using two memories with complemen-
tary roles: a Transient buffer for short-term consistency cues and a Prototypal
buffer for reliability-filtered long-term evidence. Their different admission and
readout rules enable joint modeling of decisive interaction dynamics and stable
long-term interaction structure over time.

Transient Memory. A FIFO buffer B; of size K stores the most recent
backbone features without quality filtering. At each timestep, cosine similarities
between f; and the buffered entries are computed and partitioned into near-
frame and past-frame groups to assess local continuity and short-term pattern
consistency respectively. These two consistency measures are integrated to pro-
duce a confidence 1; € (0, 1), which modulates the softmax-weighted aggregation
of buffered features to yield the transient readout m?.

Reliability Estimation. At each timestep ¢, two complementary reliabil-
ity signals are available: an appearance reliability a}® derived from geomet-
ric temporal statistics, and an alignment reliability a?lign measuring visual—
geometric consistency in the latent space. These are fused through a learned
gate v, = o(w] hy + by) into a unified reliability score:

re = ey + (1= ) af"=, (3)

which governs prototypal memory operations.

Prototypal Memory. A separate FIFO buffer P; of capacity K’ admits
only frames whose reliability exceeds a threshold (r; > 7), storing both the fea-
ture f; and its reliability score r;. Unreliable frames leave the buffer unchanged,
preventing noise from contaminating long-term evidence. The prototypal repre-
sentation is obtained by combining the current feature with a reliability-weighted
aggregation of stored features, where r; controls their relative contributions:

diep, Vi fi )
ZiEPt ri+ 6,

The two memory features are first adaptively balanced and then integrated
with the current observation through a residual compensation:

I = fe+ z[Aemi" + (1= X)) mf"], (5)

where Ay = o(W,f:) adaptively balances short-term dynamics and long-term
prototypes, and z is a learnable scaling factor.

my® =rfe 4+ (1 —14)
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Table 1. Overall and class-wise performance comparison.

Group Model F1 Pre Rec Acc | Flno Flapy Flro
ResNet+LSTM | 41.11 51.41 44.40 48.89 | 63.41 43.24 16.67

Visual ResNet+TCN | 45.37 57.78 49.37 46.67 | 48.48 47.62 40.00
ViT-B 43.30 62.65 4242 51.11 | 68.00 28.57 33.33

Geometry  Geo+LSTM 53.02 59.14 58.48 51.11 | 43.75 48.65 66.67
ResNet+Geo | 55.53 55.15 57.95 55.56 | 60.00 37.04 69.57
ViT-B+Geo 55.54 55.60 56.96 57.78 | 68.29 46.15 52.17

Ours Full Model |70.80 71.34 71.52 71.11 |74.42 64.29 73.68

Concat

2.4 Consistency-Constrained Optimization

The model is optimized using a combination of classification loss and cross-modal
consistency loss:

L=Lcg+ A LcLr, (6)

where Lcg is the cross-entropy loss, Lopr enforces cross-modal consistency,
and ). is a weighting coefficient. The consistency objective improves robustness
to unreliable observations.

3 Experiments and Results

Dataset. We construct the first vessel-instrument interaction anticipation dataset
from 30 real ESD surgical cases, yielding 3330 four-second clips with clip-level
interaction labels spanning no_interaction, approaching, and touching. The first
three seconds serve as the observation window and the interaction state at the
unobserved fourth second as the ground-truth prediction target, forming a 1s
anticipation setting. Videos are captured at 50 fps with 16 frames uniformly sam-
pled per clip, each paired with a SAM2-generated vessel segmentation mask. The
dataset is split at the case level into 22 training and 8 testing cases, yielding 2430
training clips and 900 testing clips. Each clip is independently annotated by two
trained annotators, with disagreements resolved by consensus.
Implementation. ViT-B pretrained via self-supervised learning on 100 un-
labeled ESD videos serves as the visual backbone. For each frame, a 10-D geo-
metric descriptor g; € R0 is computed from the predicted vessel mask, which
achieves 84.64 Dice and 73.37 IoU on an independently annotated test set. The
active instrument tip center is manually annotated to isolate vessel-mask un-
certainty from tip-localization errors. The descriptor encodes normalized tip-to-
vessel distance with its temporal differences and moving average, normalized
tip coordinates, vessel area ratio, visibility indicators, and tip-inside-vessel sta-
tus. The model is optimized with AdamW (Ir = 2.5 x 10~%). The first eight
transformer layers are frozen, the remaining four are fine-tuned after a 10-epoch
warm-up. All experiments use a single NVIDIA A100 GPU with batch size 16.
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Fig. 3. Robustness and memory allocation analysis. (a) Comparison of performance
change between stable and unstable clips, showing smaller degradation of the proposed
method. (b) Comparison of memory allocation across interaction categories, showing
a shift from prototypal to transient dominance.

Performance is assessed using Macro F1, Precision, Recall, Accuracy, and per-
class F1.

Comparative Experiments. Since no prior benchmark exists for this task,
we construct a systematic baseline suite spanning visual-only, geometry-only, and
concatenation paradigms. As shown in Table 1, the proposed method achieves
70.80 Macro F1, outperforming the strongest baseline by over 15 points. Visual-
only models [21, 22, 20] plateau below 46 F1, reflecting susceptibility to segmen-
tation perturbations and limited spatial reasoning. Geometry-only modeling [23]
captures spatial discriminability but yields uneven per-class performance under
noisy segmentation. Naive concatenation provides moderate gains yet struggles
with the ambiguous approaching state. These results confirm that reliable antic-
ipation under observation uncertainty requires explicit cross-modal consistency
modeling rather than simply combining stronger feature representations.

Ablation Study. Three components are progressively added to the ViT-
B+Geo baseline (Table 2). CLR yields the largest single improvement, primarily
by stabilizing touching recognition, confirming that cross-modal consistency is
the dominant factor under observation noise. Adding Dual Asynchronous Mem-
ory brings further gains on both touching and approaching, reflecting that in-
teraction states with different temporal dynamics benefit from heterogeneous
memory modeling. Jointly optimizing the classification objective with the CLR
loss achieves the final improvement to 70.80 F1, with the largest gain on ap-
proaching, indicating that enforcing cross-modal recoverability complements the
classifier for ambiguous interaction states. Each component targets a distinct
failure mode, and progressive gains are interpretable rather than incidental.

Robustness under Observation Instability. Stable and unstable subsets
are constructed by selecting the most stable and most unstable clips from each
interaction category based on visual and segmentation-derived instability indi-
cators (Fig. 3 (a)). The baseline suffers a 32.84 F1 drop from stable to unstable
clips, while the proposed method degrades by only 8.17. The performance gap
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Table 2. Ablation study of the proposed framework CLR: Cross-modal Latent Recov-
ery; Dual: Dual Asynchronous Memory; Lcrr: Loss from CLR.

Method CLR Dual Lcrr| F1 Pre Rec Acc| Flno Flapy Floou
Baseline - - - 55.54 55.60 56.96 57.78| 68.29 46.15 52.17
+CLR v - - 65.13 65.97 64.64 66.67| 75.56 46.15 73.68
+Dual Ve v - 69.06 72.80 70.51 66.67| 68.42 54.55 84.21
Full Model Vv v v 70.80 71.34 71.52 71.11| 74.42 64.29 73.68
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Fig. 4. Anticipation signals predicted on a real ESD clinical video. The touching signal
rises before actual instrument—vessel contact, demonstrating proactive warning capa-
bility in continuous surgical workflow.

on unstable clips (66.67 vs. 25.00 Acc) confirms that the proposed mechanisms
are most effective precisely when observations are most corrupted.

Memory Allocation across Interaction Categories. Fig. 3 (b) con-
firms that the model adaptively differentiates observation quality based on in-
teraction semantics. Touching yields the highest memory weight (0.6443), re-
flecting greater reliance on transient observations during physical contact, while
no_interaction receives the lowest (0.3886), relying more on prototypal features
due to fewer distinctive temporal cues.

Anticipation on Continuous Surgical Video. Fig. 4 visualizes predicted
interaction signals over a continuous real ESD surgical video spanning all three
interaction states. During the approaching phase, the touching probability rises
as the instrument converges toward the vessel. Crucially, the touching signal
peaks approximately 0.5—-1 second before actual contact, demonstrating gen-
uine anticipatory capability rather than frame-level reaction. As the instrument
withdraws, the prediction transitions smoothly back to no_interaction, reflect-
ing coherent temporal reasoning across the full interaction cycle. This continuous
and timely anticipation behavior suggests practical potential for real-time intra-
operative warning during surgical procedures.
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4 Conclusion

This work introduces vessel-instrument interaction anticipation as a new task
for proactive surgical safety, and proposes a framework that recovers reliable
interaction representations from jointly noisy observations and performs tempo-
rally adaptive reasoning through dual asynchronous memory with quality-gated
admission. Experiments on our ESD dataset validate both the anticipation accu-
racy and temporal stability of the approach. The current evaluation is conducted
on a single dataset, and validating the approach across broader clinical settings
remains an important direction for future work. We hope this work offers a useful
step toward anticipatory safety systems in surgical video analysis, where timely
prediction of dangerous instrument—tissue interactions can directly contribute to
safer procedures and better patient outcomes.
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