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Abstract. Laparoscopic hepatectomy demands real-time identification
of critical vascular structures, including Glisson’s pedicle, hepatic veins,
and transient bleeding points, to enable pre-emptive vessel clamping and
prevent life-threatening haemorrhage. These targets are frequently ob-
scured and deformable, and in ultra-long procedures spanning thousands
of frames they further suffer extreme scale imbalance and intermittent
visibility, making memory-based propagation prone to temporal drift
where a single corrupted entry cascades forward irreversibly. Memory-
based propagation dominates long-range video segmentation, yet exist-
ing methods treat all predictions equally when updating the memory.
Moreover, efficient intraoperative guidance demands minimal surgeon-
model interaction, making autonomous quality control indispensable. We
present VigilSAM3, built on SAM3’s dual-system architecture, which
introduces a hierarchical memory firewall that guards memory quality
at pixel, class, and frame levels. A causal-Transformer scheduling agent
selects among Trust, Correct, and Reset actions, with its policy refined
via Group Relative Policy Optimization (GRPO) using class-aware re-
wards. We further introduce Hepa-Vein, the first multi-class large-scale
hepatectomy surgical video semantic segmentation dataset. Experiments
on Hepa-Vein and DSAD demonstrate state-of-the-art performance, with
pronounced gains on small, transient vascular structures. The code and
dataset will be released at VigilSAM3.

Keywords: Surgical video segmentation · Reinforcement learning · Seg-
ment Anything Model · Hepatectomy

1 Introduction

Automated surgical scene understanding from phase recognition [7] to pixel-wise
segmentation, is central to surgical data science [21]. In laparoscopic hepatec-
tomy, the demands are particularly acute: target vascular structures are thin,
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Fig. 1. Hepa-Vein dataset characteristics and motivation. (a) Per-video length
profile across the dataset. (b) Foreground area distribution reveals severe scale imbal-
ance. (c) Temporal presence over the longest video shows intermittent appearance of
clinically critical structures. (d) A simulated drift illustration: once a low-quality pre-
diction is written into memory, errors can persist without timely correction.

deformable, and frequently obscured, while hepatic venous hemorrhage [14], CO2

gas embolism [23], and other complications that cause abrupt changes [28] un-
derscore the clinical need for reliable vascular understanding. Existing bench-
marks [11,22,3] cover cholecystectomy and colorectal surgery, but not hepa-
tectomy. We introduce Hepa-Vein, the first multi-class large-scale hepatec-
tomy surgical video semantic segmentation dataset (Sec. 3.1), annotating three
clinically critical foreground classes along the parenchymal transection plane:
Glisson’s pedicle, hepatic vein, and bleeding point. Real-time segmentation of
these structures can guide surgeons to pre-emptively clamp vessels with vascular
clips before transection, thereby preventing the majority of major haemorrhagic
events during hepatectomy. As Fig. 1 illustrates, Hepa-Vein exhibits three defin-
ing challenges: procedures spanning thousands of frames, extreme foreground-
scale imbalance (bleeding points < 0.1% of the frame), and intermittent target
visibility. These properties render temporal drift the dominant failure mode.

Memory-based video object segmentation has advanced rapidly through space-
time correspondences [6], multi-object association [32], hierarchical memory [5],
and object-level reading [4]. Promptable foundation models further advance this
direction: SAM [13], SAM2 [25], and SAM3 [2] provide strong priors with uni-
fied tracking, and surgical adaptations confirm that re-prompting and memory
management are critical [17]. Recent SAM2-oriented extensions further study
long-horizon memory robustness and domain adaptation: SAM2Long [8] and
DAM4SAM [29] focus on error accumulation, distractor interference, and mem-
ory selection in long videos, while SurgSAM2 [18] investigates efficient SAM2
adaptation for surgical videos via frame pruning. However, frequent re-prompting
demands clinician intervention that is impractical during live surgery, underscor-
ing the need for autonomous correction with minimal human interaction. Never-
theless, all these methods treat the predictions equally when writing to memory;
in surgical videos, a single corrupted entry can cascade forward, producing irre-
versible drift. Yet, no principled mechanism exists to determine when predictions
are reliable enough to commit and when correction should be triggered.

Reinforcement learning (RL) has been explored in surgical contexts, including
robotic task automation [10], segmentation refinement [1], and reasoning-driven
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surgical understanding [9]. RL offers a natural framework for the above sequen-
tial decision problem: in SAM3’s dual-system architecture, where a lightweight
System 1 tracker (11.7 M params) shares an 815.6 M ViT backbone with a heavier
System 2 detector (32.7M params), each correction incurs significant computa-
tional costs and reshapes the shared memory bank that conditions all future
predictions, creating compounding, delayed consequences that are difficult to
capture with fixed scheduling rules. This memory-coupled scheduling problem
is inherently sequential with non-stationary dynamics, making it a compelling
target for policy optimization.

We propose VigilSAM3 (“Vigil ”: continuous vigilance over tracking qual-
ity), built on SAM3, in which a causal-Transformer scheduling agent selects
Trust, Correct, or Reset at each frame, while a hierarchical memory firewall guards
the write path at pixel, class, and frame levels. The policy is initialized by super-
vised imitation and refined via GRPO [27] with class-aware rewards. Our con-
tributions are: (1) We introduce Hepa-Vein, comprising 39 videos and 21,734
annotated frames with three clinically critical foreground classes, to our knowl-
edge, the largest hepatectomy surgical video semantic segmentation dataset.
(2) We propose VigilSAM3, integrating hierarchical memory gating with RL-
optimized correction scheduling to maximally reduce surgeon–model interaction.
(3) State-of-the-art results on Hepa-Vein and DSAD validate the synergy be-
tween memory gating and reinforcement-driven scheduling, with pronounced
gains on small, transient vascular structures.

2 Method

2.1 Overview

VigilSAM3 processes a surgical video in a streaming fashion after initialization
at Frame 0 with the System 2 detector (Fig. 2). At each subsequent frame t, the
System 1 tracker first produces a draft mask prediction Dt via memory atten-
tion. The scheduling agent πθ then observes a state composed of three signals:
(1) the SAM decoder’s quality token ziou, summarizing predicted mask quality;
(2) a pooled memory-conditioned feature zmem, encoding the current memory
state; and (3) per-class quality descriptors b̄t=[mean;min;max] aggregated from
boundary entropy, mask area, prediction confidence, and IoU statistics. Based
on these inputs, the agent outputs an action at ∈ {Trust,Correct,Reset} and a
continuous frame-level gate gt∈(0, 1). Under Trust, the tracker prediction passes
through the hierarchical memory firewall and is written as regular temporal
memory subject to FIFO eviction. Under Correct or Reset, the System 2 detec-
tor is invoked to produce an authoritative mask St as a dense prompt to produce
the final predict mask M⊔, which is promoted to persistent anchored memory
never evicted. All memory are further modulated by a pixel-level Memory Writer
and per-class quality gates (Sec. 2.2). Training proceeds in two stages: supervised
imitation (SFT) followed by GRPO-based policy refinement (Sec. 2.3).
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Fig. 2. Inference pipeline of the proposed VigilSAM3 framework. Following
initialization at Frame 0, the Action Agent observes the tracking state, including the
quality token (ziou), memory features (zmem), and per-class descriptors (b̄t), to dynami-
cally schedule the execution pathway. When Action 0 (Trust) is selected, the lightweight
Tracker processes the frame, and its predictions are written to the standard Memory
Bank. Conversely, Action 1 (Correct) and Action 2 (Reset) invoke the heavier Detector
to provide authoritative spatial corrections, promoting these reliable frames into a per-
sistent Anchored Memory to prevent temporal drift. Txt represents the SAM3 Text
Encoder, and MF represents the Memory Firewall.

2.2 Hierarchical Memory Quality Gating

On correction frames, we bypass the standard SAM geometric-prompt pathway,
which re-predicts rather than adopts the correction, destroying small-target sig-
nals via spatial downsampling. Instead, we feed the detector’s dense semantic
logits St as a mask prompt directly into the tracker decoder before memory
encoding, ensuring authoritative rather than merely suggestive corrections.
Memory Firewall. Even with authoritative corrections, unreliable non-corrected
frames can still corrupt the memory bank. We introduce a three-level firewall:
(i) Memory Writer: a lightweight residual CNN refines memory features be-
fore writing, suppressing spatially uncertain regions while preserving reliable
ones: f̃t= ft + α · W([ft;σ(ℓt)]), where α is a learnable scalar initialized to zero.
(ii) Per-Class Gate: an MLP maps an eight-dimensional per-class quality de-
scriptor gt,c, comprising boundary entropy, mask area, prediction confidence,
per-class IoU, and object score statistics to a gate ĝt,c =σ(MLP(gt,c)) that in-
dependently modulates memory strength per class, allowing, eg., full memory
write for a well-tracked organ while suppressing memory for a lost vessel in the
same frame. (iii) Anchor Promotion: the scheduling agent’s action determines
whether a frame enters the memory bank as evictable regular memory or as a
persistent conditioning anchor, as detailed below.

The scheduling agent πθ is a causal Transformer to observe SAM decoder’s
quality token, pooled memory-conditioned features, and multi-statistic per-class
descriptors ([mean;min;max]), producing action at∈{Trust,Correct,Reset} and
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a continuous frame-level gate gt. The three levels compose into a single gated
memory write for class c:

mt,c = gt · ĝt,c · f̃t,c, (1)

where f̃t,c is the writer-refined feature (pixel-level), ĝt,c the per-class quality gate
(class-level), and gt the agent-emitted frame-level gate, forming a multiplica-
tive hierarchy that independently modulates memory at spatial, semantic, and
temporal granularity. Different actions lead to different memory management
regimes: Trust writes the gated tracker prediction as regular temporal memory,
subject to FIFO eviction, which is suitable for frames where tracking is stable.
Correct feeds St as a mask prompt into the tracker and promotes the frame to
a permanent conditioning anchor that is always attended to and never evicted,
providing a persistent high-quality reference. Reset flushes recent temporal mem-
ory that may have been contaminated and re-initializes from a fresh System 2
detection as a new anchor. Anchor frames carry a dedicated spatial embedding
and fixed temporal position, making them structurally privileged in memory
attention, while regular frames compete for a limited FIFO buffer.

2.3 Reinforcement-Driven Long-Horizon Correction Scheduling

The correction decision at frame t does not merely affect t itself: through the
memory bank, it determines what every subsequent frame will attend to, creat-
ing a long-horizon credit-assignment problem. A heuristic threshold (eg., “correct
when IoU < τ ”) cannot capture these temporally compounding effects. A slightly
sub-optimal correction in the current frame may prevent catastrophic drift hun-
dreds of frames later, while an unnecessary correction wastes compute and may
inject detector noise. We therefore formulate the scheduling problem as a Markov
Decision Process and optimize the policy via reinforcement learning.
State and transition. At each frame, the agent observes: st = [ ziou; zmem; b̄t ],
where ziou is the SAM decoder’s quality token, zmem a pooled memory-conditioned
visual summary, and b̄t=[mean;min;max] aggregated per-class quality descrip-
tors. The agent emits at and gt, after which the memory bank is updated, pro-
ducing a new state for t+1. This state–action–memory loop makes the dynamics
inherently non-stationary, necessitating trial-and-error learning rather than su-
pervised imitation alone.
Class-aware reward. A naive union-Dice reward is class-blind : large fore-
ground classes dominate the score, causing the policy to ignore small but clin-
ically critical targets (eg., blood-point vessels occupying < 0.1% of the frame).
We define softmax inverse-Dice weights

wc =
exp(−dt,c/τ)∑
c′ exp(−dt,c′/τ)

, qt =
∑

c wc dt,c, (2)

where dt,c is the per-class Dice at frame t. The weights focus credit on under-
performing classes. The per-step reward is:

rt =
(
qfinal
t − qdraft

t

)
− C(at)− λrep

δ∑
k=1

I[at−k∈{C,R}] · I[at∈{C,R}], (3)



6 Xincheng Yao et al.

where qdraft
t and qfinal

t are the weighted quality scores of the tracker prediction
before and after the action, C(at) penalizes the computational cost of invoking
System 2, and the last term discourages redundant corrections within a δ-frame
window. The reward is further augmented by horizon-aware shaping that credits
actions whose memory effects propagate positively to future frames.
Group Relative Policy Optimization. For each training clip, K action-
sequence trajectories are sampled from πθ, and GRPO computes group-relative
advantages Â(k)=(R(k)−R̄)/(σR+ϵ) without a learned critic:

LGRPO = −Â·
∑

tlog πθ(at|st) + λKLDKL(πθ∥πref)− λHH(πθ) + λbcLCE(πθ, a
∗
t ).
(4)

The four terms correspond to the policy-gradient objective, KL anchoring to
the SFT reference, an entropy bonus for exploration, and a behavioral-cloning
warmstart with oracle actions a∗t . Eliminating the critic avoids expensive value-
function approximation in the high-dimensional, long-horizon surgical setting.
Training proceeds in two stages: SFT initializes πθ with oracle labels, then GRPO
refines the policy via environment interaction, enabling strategies such as pre-
emptive corrections before drift becomes visible.

3 Experiments

3.1 Dataset

Hepa-Vein Dataset Hepa-Vein is a hepatectomy-focused surgical video se-
mantic segmentation dataset from multi-center, comprising 39 videos and 21,734
pixel-wise annotated frames. To our knowledge, it’s the largest of dataset for hep-
atic surgery. Raw footage was collected by two independent surgical teams, each
performing laparoscopic hepatectomy procedures lasting over two hours. Clin-
ically informative segments were extracted from the raw recordings, and every
retained frame was densely annotated with three foreground classes that are crit-
ical along the parenchymal transection plane: Glisson’s pedicle, hepatic vein, and
bleeding point. To ensure annotation quality, a three-tier clinical review pipeline
was adopted: junior annotators produced initial masks, senior surgeons verified
and corrected them, and a final expert review resolved remaining ambiguities.
We partition the videos into training, validation, and test sets at an approximate
7:1:2 frame ratio, ensuring balanced foreground-class distribution across splits.

DSAD Dataset The Dresden Surgical Anatomy Dataset (DSAD) [3] provides
13,195 laparoscopic images with semantic segmentation from robot-assisted col-
orectal surgeries, covering eight abdominal organs, the abdominal wall, and two
vessel structures. Following prior work, we evaluate on the two vascular classes
to assess cross-procedure generalizability of our method beyond hepatectomy.

3.2 Comparison with the State-of-the-Art Methods

Implementation Details and Metrics All experiments run on a single NVIDIA
A800 GPU. Every method is trained for 50 epochs (batch size 8, learning rate
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Table 1. Quantitative Comparison with Different Methods on Hepa-Vein
Datasets. The best values are highlighted in bold. ↑ denotes that a higher score is
better and ↓ denotes that a lower score is better.

Method Venue Type Glisson Blood Pt. Vein FPS↑
(Dice↑ / Jac↑) (Dice↑ / Jac↑) (Dice↑ / Jac↑)

U-Net [26] MICCAI’15 image 27.78 / 18.84 26.05 / 19.74 21.50 / 14.51 152.93
nnU-Net [12] Nat.Meth’21 image 27.76 / 18.49 28.32 / 21.97 18.55 / 12.86 60.36
MedSAM [19] Nat.Comm’24 image 45.32 / 31.90 61.04 / 48.02 77.37 / 65.94 10.73
SAMUS [15] MICCAI’24 image 42.24 / 31.20 35.86 / 23.92 79.50 / 69.70 29.48
GDKVM [30] ICCV’25 video 27.72 / 24.99 20.97 / 20.38 31.59 / 26.23 23.33
HRVVS [33] MICCAI’25 video 56.56 / 45.05 50.62 / 37.07 71.45 / 63.53 40.91
ReSurgSAM2 [17] MICCAI’25 video 75.49 / 64.66 64.53 / 53.23 78.23 / 67.77 23.53
MedSAM2 [20] Arxiv’25 video 48.54 / 36.15 14.69 / 9.28 76.24 / 69.34 22.09
MedSAM3 [16] Arxiv’25 video 78.12 / 68.35 57.79 / 46.29 79.17 / 71.06 26.76
Vivim [31] TCSVT’25 video 48.81 / 35.23 36.12 / 24.08 77.15 / 65.98 24.23
Ours – – video 80.36 / 70.35 66.73 / 54.14 82.33 / 75.18 22.53

Table 2. Quantitative Comparison with Different Methods on DSAD
Dataset. The best values are highlighted in bold.

Method Venue Type Mesenteric Artery Intestinal Veins
(Dice↑ / Jac↑ / HD-95↓ / ASSD↓) (Dice↑ / Jac↑ / HD-95↓ / ASSD↓)

nnU-Net [12] Nat.Meth’21 image 22.65 / 14.91 / 114.78 / 51.28 16.41 / 10.32 / 135.77 / 57.53
IS-Net [24] ECCV’22 image 51.63 / 40.58 / 77.06 / 34.96 27.09 / 17.69 / 329.85 / 127.75
MedSAM [19] Nat.Comm’24 image 68.01 / 54.50 / 50.13 / 11.55 59.03 / 43.88 / 55.10 / 13.43
SAMUS [15] MICCAI’24 image 58.52 / 44.18 / 91.80 / 29.08 58.90 / 44.30 / 30.79 / 8.62
HRVVS [33] MICCAI’25 video 68.34 / 55.52 / 53.84 / 12.63 42.93 / 30.17 / 108.17 / 36.75
ReSurgSAM2 [17] MICCAI’25 video 70.89 / 58.83 / 49.99 / 11.06 50.28 / 38.18 / 89.22 / 26.30
MedSAM3 [16] Arxiv’25 video 73.93 / 61.48 / 45.18 / 12.61 55.12 / 41.26 / 84.75 / 24.75
Vivim [31] TCSVT’25 video 60.63 / 46.44 / 67.84 / 19.10 46.99 / 32.94 / 110.39 / 31.17
Ours – – video 74.65 / 62.07 / 46.93 / 10.81 64.71 / 54.23 / 51.29 / 7.96

3×10−5); SAM-based methods use their default resolution, others 512×512. We
report per-class Dice and Jaccard each class of on both datasets, plus HD-95
and ASSD on DSAD.

Quantitative Comparison Tables 1 and 2 compare VigilSAM3 with repre-
sentative image- and video-based methods. On Hepa-Vein (Table 1), our method
attains the highest Dice and Jaccard across all three foreground classes. The gain
is most striking on Blood Point, which is the hardest class due to its extremely
small extent and intermittent appearance, where VigilSAM3 reaches a Dice of
66.73, surpassing ReSurgSAM2 by +2.20 and MedSAM3 by +27.41, highlight-
ing the benefit of class-aware GRPO rewards. VigilSAM3 also leads on Glisson
(80.36 vs. 78.12) and Vein (82.33 vs. 79.50).

On DSAD (Table 2), VigilSAM3 generalizes to colorectal surgery, obtaining
the best Dice, Jaccard, and ASSD on both vascular classes, with particularly
pronounced gains on Intestinal Veins (Dice 64.71 vs. 59.03 for MedSAM), con-
firming cross-procedure transferability of the memory-firewall mechanism.
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Fig. 3. Qualitative comparison on Hepa-Vein. Each row shows one class results.

Table 3. Ablation study of VigilSAM3 on Hepa-Vein. SA denotes the scheduling
agent. MF denotes the hierarchical Memory Firewall. GRPO represents reinforcement
alignment of the scheduling policy via Group Relative Policy Optimisation.

Design SA MF GRPO Dice ↑ Jaccard ↑ HD-95 ↓ ASSD ↓ FPS ↑
M0 – – – 66.32 54.79 48.21 15.34 29.41
M1 ✓ – – 67.21 55.61 46.87 15.07 27.12
M2 ✓ ✓ – 67.95 56.23 46.12 14.88 23.48
M3 ✓ – ✓ 68.54 56.74 45.36 14.66 22.97

Ours ✓ ✓ ✓ 69.18 57.22 44.37 14.28 22.53

Qualitative Comparison Figure 3 shows representative predictions on Hepa-
Vein. Compared with SAMUS, HRVVS, and other baselines, VigilSAM3 pro-
duces more complete masks for Glisson’s pedicle, accurately localizes the small
and transient Blood Point, and preserves thin distal branches of the hepatic vein,
corroborating the quantitative gains from drift-aware memory management.

Ablation Study Table 3 isolates each component’s contribution on Hepa-Vein.
The scheduling agent (M1) improves Dice by +1.63 over baseline M0, and GRPO
alone further lifts it to 68.54 (M3), discovering long-horizon strategies beyond
supervised imitation. The Memory Firewall without GRPO (M2) slightly under-
performs M1 (−0.74 Dice), as the SFT-only policy triggers too few corrections for
Anchor Promotion to take effect; once GRPO calibrates the policy, MF becomes
beneficial (Ours vs. M3: +0.64 Dice, −0.98 HD-95), confirming that MF provides
the mechanism for structured memory management while GRPO provides the
signal for when to deploy it.

4 Conclusion

We presented VigilSAM3, coupling a hierarchical Memory Firewall with GRPO-
optimized correction scheduling atop SAM3, and introduced Hepa-Vein, a 39-
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video hepatectomy segmentation dataset. State-of-the-art results on both Hepa-
Vein and DSAD, together with the observed MF–GRPO synergy, validate drift-
aware memory management as a promising direction for reliable long-horizon
surgical video understanding. Future work will further explore lightweight GMC,
backbone-agnostic validation, and safeguards for rare false anchors.
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