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Abstract. Automated Critical View of Safety (CVS) assessment during
laparoscopic cholecystectomy could reduce bile duct injuries, but existing
methods require additional supervision (segmentation masks, bounding
boxes, or language prompts), increasing annotation effort and limiting
large-scale deployment. We ask whether a general-domain vision foun-
dation model (FM) can remove this dependence on extra supervision.
To answer this, we benchmark five pretrained encoders under identical
conditions on two CVS benchmarks, Endoscapes 2023 and SAGES 2024,
and find EVA-02 L the strongest. Fine-tuned per frame without addi-
tional supervision, this FM alone matches or surpasses prior methods.
On top of the frozen FM, PercEVA-CVS adds a keyframe-anchored
Perceiver aggregator that contributes a smaller, dataset-dependent gain
and lets us characterise the temporal context CVS assessment requires.
A sufficiently strong FM removes the need for additional supervision,
and the frozen PercEVA-CVS pipeline builds on this to set a new state
of the art on both benchmarks. Results are reported as mean 4 std over
three seeds.

Keywords: Critical View of Safety - Laparoscopic cholecystectomy -
Foundation models - Surgical video analysis.

1 Introduction

Bile duct injury is one of the most serious complications of laparoscopic chole-
cystectomy, often arising from the misidentification of the biliary anatomy at
the time of clipping the cystic duct [26]. The Critical View of Safety (CVS)
protocol was introduced to prevent these injuries, requiring the surgeon to con-
firm three criteria before clipping: two tubular structures connected to the gall-
bladder (C1), a cleared hepatocystic triangle (C2), and an exposed cystic plate
(C3) [24,4]. Yet despite broad endorsement, surgeons show low inter-rater agree-
ment when assessing the criteria intraoperatively [13]. This variability motivates
automated CVS assessment, cast as multi-label binary classification of whether
each criterion is satisfied at a given moment, as a form of intraoperative decision
support [12,15].
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Most prior methods rely on some form of external supervision. DeepCVS [16]
concatenates frames with segmentation masks as auxiliary input. More recently,
graph-based methods use a pretrained detector to localize anatomical structures
and build a latent representation over them: LG-CVS [17] does so per frame and
SV2LSTG [18] extends it to the spatiotemporal domain. These methods depend
on the quality of the detected structures, making them sensitive to detection er-
rors. Language-supervised approaches instead condition on text: KnoCo-CVS [9]
uses guideline prompts to modulate attention, while CVS-AdaptNet [3] aligns a
surgical vision-language model via criterion text. Both still depend on textual
descriptions of the criteria, reintroducing the same expert interpretation behind
the low inter-rater agreement. SwinCVS [19] completely forgoes external supervi-
sion, combining a SwinV2 encoder [11] with an LSTM. Recurrent aggregators of
this kind are, in principle, susceptible to a fixed-size state bottleneck over longer
temporal contexts 25, 10|, which motivates exploring a non-recurrent alterna-
tive. Foundation models (FMs), large-scale encoders pretrained on broad visual
data [2], transfer well to surgical tasks such as phase recognition [27] and depth
estimation [5]. Yet even a surgery-specific self-supervised FM still falls short of
specialized CVS architectures [8], leaving open whether a general-domain FM
can close this gap without any additional supervision.

We answer this affirmatively and find that the FM alone is decisive, bench-
marking five general-domain encoders spanning four pretraining paradigms un-
der identical conditions to isolate the encoder’s contribution. EVA-02 L [6] is
consistently the strongest; fine-tuned per frame without additional supervision,
it already matches or surpasses prior methods on Endoscapes 2023 [14] and
SAGES 2024 [1]. We then complete the pipeline with a keyframe-anchored Per-
ceiver aggregator in which learnable latents seeded by the current frame attend in
parallel over a short causal window of embeddings, avoiding the fixed-state bot-
tleneck of recurrent alternatives while keeping the temporal context explicit and
tunable. The resulting two-stage pipeline, PercEVA-CVS (Fig. 1), improves
over the per-frame FM and lets us characterise how much temporal context CVS
assessment requires.

In summary, this work makes the following contributions:

— A state of the art without additional supervision, driven by the
FM. A general-domain FM (EVA-02 L) matches or surpasses prior super-
vised methods in mean Average Precision (mAP) on both Endoscapes 2023
and SAGES 2024. PercEVA-CVS adds a Perceiver temporal stage on top,
whose contribution we report separately from the FM’s.

— A reproducible encoder benchmark for CVS. Under a single controlled
protocol, we identify EVA-02 L as the strongest encoder for CVS assessment
and provide the first systematic evaluation of prior methods on SAGES 2024,
a recent benchmark absent from prior CVS work.

— An analysis of temporal context for CVS. We quantify how aggregation
strategy, context length, and readout affect performance, which saturates at
a short causal context and a simple keyframe readout.

Our code is available at https://github.com/BCV-Uniandes/PercEVA-CVS.
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Fig. 1. Overview of the PercEVA-CVS pipeline. Stage 1 fine-tunes the FM (EVA-
02 L) frame-by-frame to produce per-frame embeddings. Stage 2 freezes the FM and
trains a lightweight Perceiver-based temporal aggregator that reads a short causal
window of embeddings via keyframe-anchored latent attention, producing per-criterion
CVS predictions.

2 Method

2.1 Overview

PercEVA-CVS divides CVS assessment into two stages (Fig. 1): an FM in Stage 1
and a keyframe-anchored Perceiver aggregator in Stage 2. In Stage 1 (Sect. 2.2),
we fine-tune EVA-02 L [6] to produce discriminative per-frame embeddings for
CVS criterion scoring. In Stage 2 (Sect. 2.3), the FM is frozen and the Perceiver
aggregator is trained on top, reading a short causal window of FM embeddings
to issue per-criterion predictions. This factorisation decouples encoder selection
from temporal modelling, letting each stage be optimised independently.

2.2 Stage 1: Vision Foundation Model

Based on the encoder benchmark (Sect. 3.2), we adopt EVA-02 L [6] as our
FM ¢, fine-tuned end-to-end (E2E) for multi-label binary classification of the
three CVS criteria with a per-criterion weighted binary cross-entropy, where w,
addresses class imbalance for each criterion ¢ € {¢1, co,cs3}. For each frame I,
the FM produces an embedding f; = ¢(I;) € R? (d = 1024) from its pre-logit
layer which serves as the input to Stage 2.

2.3 Stage 2: Temporal Aggregator

Architecture. Inspired by the Perceiver [7], the temporal aggregator (Fig. 2)
compresses temporal context into K latent vectors via parallel cross-attention
over all T' frames. Frames are sampled online at 1fps and arranged causally,
oldest to most recent, into a window X = [fj,...,fr] € RT*4 with fr the
keyframe (the frame under evaluation and the most recent in the window). Each
embedding is linearly projected to model dimension D, layer-normalised, and
augmented with learned positional encodings. The projected keyframe k € RP is
prepended to K learnable latents Q € REXP to form the initial query sequence
Ly = [k; Q) € REFDXD  Anchoring the latents to the keyframe integrates
temporal context relative to the frame under evaluation; since f7 also remains in
X, the keyframe token attends to itself alongside the rest of the window during
cross-attention.
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Fig. 2. Stage 2 temporal aggregator. The keyframe embedding (red) is prepended
to K learnable latents (grey) and refined by N Perceiver blocks, each cross-
attending over the T context-window embeddings (green) followed by a latent self-
attention + FFN. The refined keyframe token (dark red) is read out to a two-layer
MLP producing per-criterion logits [¢1, é2, é3].

Gated-residual Perceiver blocks. Lg is refined by a stack of N identical blocks
(Fig. 2), each revising the latent array in three steps. First, cross-attention lets
the queries read the temporal window X, drawing context from across the T
frames into the latents. Then, self-attention mixes this information among the
K+1 tokens and a position-wise feed-forward network (FFN) refines each token
independently. Rather than a standard residual, every sublayer uses a learned
gated residual inspired by Highway Networks [23],

L « o(W,LN(L)) ® s(LN(L)) + L, (1)

where LN is layer normalisation and s(-) is the sublayer: cross-attention (with X
as keys and values), self-attention, or the FFN. W, € RP*P is a learned projec-
tion, o the sigmoid, and ® the element-wise product. The gate acts per token and
per dimension, allowing each of the K41 tokens to control how much sublayer
output it admits, while its previous state always flows through untouched. Gate
biases are initialised to zero, so all gates start half-open. After N blocks, the
refined keyframe token, the slot seeded by k, is read out as z = LN(LI({]fV)) eRP.
Reading out the keyframe token rather than pooling all K latents preserves
the frame-level grounding established at the input. A two-layer MLP with hid-
den dimension 128 and GELU activations then maps z to per-criterion logits
[61, 62, 63} € R3.

E2F wvariant. The two-stage protocol freezes the Stage 1 FM during Stage 2
training. As an alternative, we explore joint optimisation: we load the Stage 1
weights and unfreeze the last four transformer blocks of EVA-02 L, targeting
the highest-level task-relevant layers while keeping lower-level features fixed to
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limit overfitting and compute. The aggregator is randomly initialised and trained
jointly with these blocks (Sect. 2.4). This trades the modularity and efficiency of
the frozen regime for a potentially richer gradient signal at substantially higher
compute.

2.4 Implementation Details

Frames are resized to 448x448 and normalised with ImageNet statistics, without
augmentation, and sampled at 1fps. Per-criterion soft labels in [0,1] are used
directly as training targets and evaluated against hard labels, with a criterion
considered positive when marked satisfied by the majority of annotators. Positive
weights w,. are computed as the inverse positive frequency. Stage 1 is initialized
from the public ImageNet-1k fine-tuned EVA-02 L checkpoint [6] and fine-tuned
independently on each dataset (no weight sharing). Stage 2 uses N =2 blocks,
model dimension D = 1024, 16 attention heads, FFN width 512, dropout 0.01,
K =64 latent tokens, and a T'= 15 causal window, trained with batch size 64;
shorter windows are zero-padded and masked during cross-attention. Both stages
use AdamW, StepLR, and early stopping on validation mAP (patience 5, up to
15 epochs). Learning rate, weight decay, step size, and decay factor are selected
by grid search on the validation set, with final settings released alongside the
code. Experiments are conducted on an NVIDIA Quadro RTX 8000 GPU.

Inference latency. We measure per-keyframe latency at batch size 1 in fp16. The
frozen pipeline runs in 37.5ms (34.4 ms for the EVA-02 L encoder and ~3 ms for
the Perceiver aggregator), encoding each frame once as it arrives, whereas the
jointly-trained E2E variant re-encodes its context window at every step and takes
~400ms. Both fall within the 1s interval of the 1{ps assessment rate. The two
configurations trade off accuracy against deployment form: the frozen pipeline is
more accurate but separates encoding from a later temporal read-out over stored
embeddings, which suits offline evaluation more than intraoperative use, while
the E2E variant has the single-pass form better suited to the operating room
but is an order of magnitude slower. We report this comparison to characterise
the trade-off rather than to claim real-time deployment.

3 Experiments

3.1 Datasets

Datasets. We evaluate on Endoscapes 2023 [14] and SAGES 2024 [1], to our
knowledge the only public CVS benchmarks with frame-level criterion labels. En-
doscapes 2023 comprises 201 laparoscopic cholecystectomy recordings totalling
11,090 frames, each labelled for the three CVS criteria and annotated with seg-
mentation masks and anatomical bounding boxes. We use the official train/
validation/test splits. SAGES 2024 is a multi-centre dataset of 1,000 clips (90s
each) with 18 labelled frames per clip, without segmentation masks or bound-
ing boxes. We follow the official split of 700 training and 300 test clips, holding
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out 200 training clips for validation. Both datasets are publicly released un-
der their respective terms of use, with ethical approval obtained by the original
authors [14, 1].

Evaluation metrics. Performance is evaluated using mAP over the three CVS
criteria, the most robust metric for this multi-label, class-imbalanced setting and
one that ranks methods independently of any decision threshold. Improvements
are reported as absolute percentage-point (pp) differences. Statistical significance
is assessed with two-sided paired t-tests over three random seeds against the
reference method indicated in each table. We also report the total parameter
count (M) as a measure of model size.

3.2 Encoder Benchmark

We benchmark five general-domain image encoders under identical conditions
that isolate the encoder’s contribution to CVS assessment. These span four pre-
training paradigms: supervised (Swin-L [11]), language-contrastive (ViT-L/CLIP
[21]), self-distilled (DINOv2 [20], DINOv3 [22]), and masked image modelling
with language alignment (EVA-02 L [6]). All encoders are fine-tuned E2E on
CVS data, with each output projected to d = 1024 and classified by a shared
two-layer MLP head with per-criterion positive weights addressing class imbal-
ance; hyperparameters are grid-searched independently per encoder and dataset,
selecting the best configuration on the validation split.

Table 1. Encoder comparison on Endoscapes 2023 and SAGES 2024 test sets. Best
results are in bold, second best underlined.

Encoder Params (M) C1 C2 C3 mAP
Endoscapes 2023

CLIP [21] 304.0 53.16 2.8 50.66 £3.1 68.78+3.9 57.53+£3.2
Swin-L [11] 195.2 60.95+4.5 56.75+1.4 66.82+6.4 61.50+3.1
DINOv2 [20] 304.0 64.53+£09 50.52+53 7064+12 61.90+1.6
DINOv3 [22] 304.0 67.10+£1.0 522017 6750+1.9 62.30+0.7
EVA-02 L [6] 304.1 72.45+ 1.3 59.93 +0.6 70.67+ 1.3 67.68 0.3
SAGES 2024

CLIP [21] 304.0 43.79+14 7521+0.0 4887+1.3 55.96=+0.9
Swin-L [11] 195.2 48.20£0.0 75.07+£0.7 49.55+0.8 57.61£0.5
DINOv2 [20] 304.0 48.65+09 77.34+0.5 52.26+0.7 59.42+0.2
DINOv3 [22] 304.0 50.30+ 1.1 78.904+0.7 53.40+1.7 60.90+04
EVA-02 L [6] 304.1 52.96 1.5 80.57 £ 0.9 56.41+1.4 63.32+t1.1

Table 1 reports test-set results on both benchmarks. EVA-02 L leads on
mAP on both: 67.68 on Endoscapes 2023 (+5.38 pp over DINOv3) and 63.32
on SAGES 2024 (+2.42pp). It is the only encoder ranking first on mAP across
both benchmarks, indicating more consistent transfer to CVS assessment; these
results motivate its use in all subsequent experiments.
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3.3 Comparison with State of the Art (SOTA)

Table 2 compares PercEVA-CVS against publicly available CVS methods: LG-
CVS [17], SV2LSTG [18], CVS-AdaptNet [3], and SwinCVS [19]; all pipelines are
re-trained and re-evaluated. On Endoscapes 2023, EVA-02 L fine-tuned at frame
level matches or exceeds prior methods despite using no additional supervision,
suggesting that a sufficiently strong vision FM can learn discriminative repre-
sentations for CVS assessment directly from images. The frozen two-stage model
achieves the highest mAP among non-E2E methods, improving over SwinCVS
Frozen and, significantly, over the per-frame FM alone (+1.73pp). Temporal
aggregation improves all three criteria over the per-frame FM, most on C1 and
C3 and more modestly on C2. The one clear gap remains C2, where the frozen
model still trails SwinCVS Frozen. E2E variant closes this gap and achieves the
best overall mAP, at the cost of higher training compute.

Table 2. Comparison with SOTA on Endoscapes 2023 and SAGES 2024 test sets.
Sup.: anatomy supervision (segm/boz /text/-). p: two-sided paired ¢-test (n = 3) of each
method versus PercEVA-CVS (—: reference). ¥ On SAGES, graph based methods use
detectors pre-trained on Endoscapes. Best results are in bold, second best underlined.

Method Sup. Params (M) C1 Cc2 C3 mAP D
Endoscapes 2023

CVS-AdaptNet [3] text 133.4 52.94+25 50.0+1.0 56.84+1.0 53.2+1.5 0.005
LG-CVst [17] box 112.1 67.24+0.6 56.8+1.8 70.2+2.0 64.7+1.2 0.039
LG-CVst [17] segm 114.8 66.9+22 53.6+21 67.7+22 62.8+1.8 0.043
SV2LSTGH [18] boxr 277.5 69.5+1.6 58.6+19 694+12 65.8+1.5 0.071
SV2LSTGH [18] segm 280.1 67.3+0.8 55.1+3.2 67.3+1.3 63.3+£1.2 0.025
SwinCVS Frozen [19] - 88.73 66.6+1.0 64.5+0.8 65.5+1.8 65.5+1.0 0.035
SwinCVS E2E [19] - 88.73 63.8+1.6 61.1+04 65.84+2.1 63.6+1.3 0.028
EVA-02 L (frame) - 304.1 7254+1.3 59.9+0.6 70.7+1.3 67.7+0.3 0.019
PercEVA-CVS - 331.6 74.8+£0.5 61.0+02 725+0.3 69.4+02 —
PercEVA-CVS E2E - 331.6 71.0+2.8 65.6 4.1 74.8 £3.570.5 £3.1
SAGES 2024

CVS-AdaptNet [3] text 133.4 35.24+1.3 59.1+1.1 29.6+0.2 41.3+0.7 0.003
LG-CVst [17] box 112.1 473+0.6 73.7£04 51.94+0.8 57.6£0.4 0.008
LG-CVst [17] segm 114.8 471+£0.3 72.7£0.3 50.3£1.5 56.7+0.6 0.024
SV2LSTGH [18] box 277.5 483+24 73.7£12 56.1+1.2 59.4£1.2 0.008
SV2LSTGH [18] segm 280.1 46.9+19 724+£05 50.1+2.7 56.5£0.6 0.023
SwinCVS Frozen [19] - 88.7 40.1+0.2 70.0£0.3 44.7+2.2 51.6£0.8 0.001
SwinCVS E2E [19] - 88.7 3844+1.1 64.8+2.1 389+26 47.4+1.5 0.012
EVA-02 L (frame) - 304.1 53.0+ 1.5 80.6+0.9 56 4+14 63 3+1.1 0.091
PercEVA-CVS - 331.6 54.1+1.1 80.9+1.0 4+4+2.165.1+1.3 —
PercEVA-CVS E2E - 331.6 53.8+ 1.1 81.0 = 0.9 :|:09 4.7+£0.9

The advantage is larger on SAGES 2024, where frozen PercEVA-CV'S outper-
forms SwinCVS Frozen by 13.53 pp in mAP. Since both methods use the same
two-stage frozen-encoder pipeline, this improvement is primarily attributable to
the stronger representations learned by EVA-02 L. The gap is even larger relative
to anatomy-supervised baselines because SAGES 2024 provides no anatomy an-
notations, forcing those methods to rely on detectors pretrained on Endoscapes
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that degrade under the cross-centre distribution shift. In contrast, our approach
avoids this dependence on anatomy supervision. Qualitatively, Fig. 3 shows that
PercEVA-CVS localises the anatomy relevant to each CVS criterion more pre-
cisely than SwinCVS. This is most evident for C1, where our model sharply high-
lights the two tubular structures connected to the gallbladder, whereas SwinCVS
produces diffuse, off-target activations.

Image CI1 GT: 1 Pred: 1 C2 GT: 1 Pred: 1 C3 GT: 1 Pred: 1

R}

SwinCVS

Fig. 3. Grad-CAM comparison between PercEVA-CVS and SwinCVS, com-
puted on each method’s encoder (EVA-02 L and SwinV2, respectively)

3.4 Ablations

All ablations use the 2 stage variant on SAGES 2024. (a) The keyframe to-
ken significantly outperforms both mean pooling (42.01 pp) and a CLS token
(+4.81 pp), showing that anchoring the latent representation to the evaluated
frame is more effective than global pooling. Highway gating provides a further
significant improvement of +0.67 pp. (b) The Perceiver and LSTM achieve sta-
tistically indistinguishable performance, indicating that both are effective tem-
poral aggregators for this task. We nevertheless adopt the Perceiver for its par-
allel, keyframe-anchored formulation over a fixed temporal window (Sect. 2.3).
Increasing the number of Perceiver blocks does not significantly affect perfor-
mance; we therefore use N=2, which achieves the highest mean mAP. (¢) A 15s
temporal window achieves the highest mean mAP. However, differences across
windows are not statistically significant, including the single-frame setting, in-
dicating that CVS assessment requires only short-term temporal context.

4 Conclusion

We presented PercEVA-CVS, a two-stage pipeline for CVS assessment. A con-
trolled benchmark identifies EVA-02 L as the strongest vision FM, and a light-
weight keyframe-anchored Perceiver provides a modest additional gain by ag-
gregating short-term temporal context. The resulting pipeline surpasses prior
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Table 3. Ablation studies on SAGES 2024. Adopted configuration in bold. p: two-sided
paired t-test (n=3 seeds) versus the adopted configuration (—: reference).

(a) Readout (b) Aggregator (c) Window

Condition mAP p Condition mAP p T mAP p
Readout Aggregator

Keyframe 65.12 + 1.32 — LSTM 64.88+0.95 0.720 1 63.98+£0.95 0.151
Mean 63.11 +£1.29 <0.001 Perceiver 65.12 %+ 1.32 — 3 65.11+0.95 0.976
CLS 60.31 + 2.08 0.038  Blocks 5 64.95+1.29 0.498
Highway gate N = 64.84+0.85 0.645 10 65.04 £1.32 0.551
On 65.12 + 1.32 N=2 65.12 + 1.32 15 65.12 + 1.32

Ooff 64.45 + 1.15 0.042 N =3 64.87 +1.10 0.532 20 65.09+1.31 0.109

supervised methods in mAP on both Endoscapes 2023 and SAGES 2024. Our
analysis shows that nearly all performance gains arise from the FM, suggest-
ing that a sufficiently strong FM can compensate for the absence of additional
anatomical supervision. CVS assessment further requires little temporal con-
text, remaining robust even from a single frame. Future work will explore video
foundation models, surgical-domain pre-training, uncertainty-aware predictions,
and single-pass architectures suited to the latency constraints of intraoperative
deployment.
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