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Abstract. Surgical phase recognition models struggle with rare phases—
states under-represented in training annotations, occupying<5% of train-
ing frames. We identify the coverage-gap paradox: increasing rare-
phase training videos fails to proportionally improve accuracy because
prototype dilution averages out intra-class variation, a phenomenon we
observe consistently across three representative classifier families (k-NN,
linear probes, and prototypes). To bridge this gap, we propose a lightweight
test-time adaptation (TTA) framework (20K parameters,<0.1ms/frame)
whose core mechanism is an adaptive pseudo-label threshold (q-th per-
centile) that avoids the empty-pool failure of fixed thresholds, combined
with temporal smoothing for pseudo-label precision filtering and auto-
guided annotation (B=5 frames). On three datasets spanning gastric
bypass (MB140, 13 phases), cholecystectomy (Cholec80, 7 phases), and
cataract surgery (Cat-101, 10 phases)—our method improves rare-phase
accuracy by +29.2/+31.5/+33.3 pp, outperforming temporal convo-
lutional network (TCN), gated recurrent unit (GRU), and TENT-style
baselines.

Keywords: Coverage-gap paradox · Rare phases · Surgical phase recog-
nition · Test-time adaptation

1 Introduction

Automated surgical phase recognition enables real-time decision support, operating-
room scheduling, and skill assessment [16,18]. While temporal models [5,6,7]
achieve high overall accuracy on common phases, their per-class performance
on rare phases—states occupying <5% of training frames—remains poor, as we

⋆ Code: https://github.com/powersimmani/tta-rare-surgical
⋆⋆ Corresponding author.

https://github.com/powersimmani/tta-rare-surgical


2 H.-M. Park et al.

demonstrate in Sec. 4.2. We define a phase as rare when it has near-zero rep-
resentation in labeled training data, whether due to clinical infrequency (e.g.,
closure of Petersen’s space in gastric bypass, ∼0.5% of frames) or incomplete
annotation of an otherwise routine step.

The fundamental challenge is notably skewed class distributions at the training-
set level : in multi-centric datasets like MultiBypass140 [13], phases such as clo-
sure petersen space occupy <1% of total frames (∼0.3–0.7% per-video frame
share at Inselspital Bern) yet appear in nearly every video at Strasbourg. Stan-
dard remedies (class-balanced loss [4], oversampling [2], long-tail learning [29])
assume sufficient examples exist and cannot compensate when entire classes have
near-zero coverage.

The coverage-gap paradox.We empirically characterize a counter-intuitive
finding: let AccR(m) denote rare-phase accuracy (frame-level) when m training
videos contain rare-phase labels. We observe AccR(5)−AccR(1) < 5 percentage
points (pp) on MB140, while the gap to oracle (accuracy with full rare-phase
labels) remains >28 pp at m=20. This paradox—more data fails to close the
gap—arises from prototype dilution (Fig. 1A): averaging features from diverse
surgical contexts moves centroids toward the global mean, narrowing rare-phase
coverage while common phases dominate the feature space. We observe this
consistently across three representative classifier families: on MB140 (m=1), k-
nearest neighbor (k-NN) achieves 3.0–3.8% rare-phase accuracy, linear probes
6.2%, and prototypes 21.7%—all below 22% despite >63% overall accuracy.

Our approach. We shift adaptation to test time (Fig. 1B): (1) cosine sim-
ilarity prediction, (2) confidence-weighted temporal smoothing, (3) adaptive-
threshold pseudo-label prototype updating, (4) auto-guided frame selection, and
(5) minimal human annotation (B=5 frames). Our approach requires no source
data access—only compact prototypes (<20K params).

Contributions. (i) We identify and empirically characterize the coverage-
gap paradox across three representative classifier families (k-NN, linear, proto-
type). (ii) We propose a lightweight TTA framework centered on an adaptive
pseudo-label threshold that resolves the empty-pool failure of fixed thresholds,
with temporal smoothing serving as a precision filter for downstream pseudo-
label selection. (iii) We validate on three datasets spanning three surgery types
with statistical significance tests, cross-center evaluation, and a 2×2 factorial
analysis isolating each component’s contribution.

2 Related Work

Surgical phase recognition.Methods evolved from HMMs [18] and CNNs [11,22]
to temporal models (TCN [5], MS-TCN [1], Transformers [6,7]) and foundation-
model features [8,17,28]. The review presented in [15] reports phase accuracy
varying widely (57–91%), yet none target rare phases. Lavanchy et al. [13] demon-
strated cross-institutional degradation on MultiBypass140; Yuan et al. [27] pro-
poses few-shot TTA for cross-institutional workflow—complementary to our
within-procedure rare-phase focus. Prototypical networks [21,24] suit data scarcity,
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Fig. 1. (A) The coverage-gap paradox: common-phase prototypes trained on most
videos achieve wide coverage in feature space, while rare-phase prototypes from few
videos have narrow coverage, causing new rare frames (×) to be misclassified as common
phases. (B) Our TTA framework (blue arrows = test-time path, grey = training): base
prototypes computed from training data (Eq. 1) are adapted at test time through
temporal precision filtering (Stage 1–2, Eq. 2), adaptive-threshold pseudo-label update
(Stage 3, Eq. 3), and auto-guided annotation (Stage 4–5, Eq. 4, B=5 frames).

but in surgical video within-class variation causes prototype dilution—the coverage-
gap paradox we formalize.

Class imbalance and test-time adaptation. Standard methods for over-
coming imbalance [2,4,29] address frame-level imbalance but not the video-
level coverage gap where entire classes are absent. Class-conditional self-training
methods (CBST [30], SHOT [14]) use per-class thresholds for pseudo-label se-
lection during retraining. Our method differs by targeting source-free TTA over
fixed prototypes (no backbone retraining), with an explicit empty-pool guaran-
tee via the per-class adaptive percentile. TTA adapts during inference without
source data: TENT [23] minimizes entropy, SHOT [14] aligns distributions; med-
ical TTA targets imaging domain shifts [10,12,26]. We differ by targeting surgical
temporal data with lightweight prototype adaptation (<20K params) rather than
deep parameter updates.

Active learning. Uncertainty selection [9,20] fails for rare classes due to
poorly calibrated confidence; our auto-guided annotation pre-filters rare-phase
candidates via TTA predictions before margin-based selection.
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3 Method

3.1 Problem Formulation

Given training videos Vtrain with per-frame labels across C phase classes, let
R ⊂ {1, . . . , C} denote the set of rare classes and Dc the set of training frame
indices with label c. We compute ℓ2-normalized prototypes:

pc =
x̄c

∥x̄c∥
, x̄c =

1

|Dc|
∑
i∈Dc

xi (1)

where xi ∈ Rd is the foundation model feature vector for frame i. At test time,
each frame t is assigned the class whose prototype has highest cosine similarity:
ŷt = argmaxc cos(xt,pc).

3.2 Coverage-Gap Paradox

When only m videos contain rare phase c, increasing m should improve pc, but
prototype dilution moves pc toward the global mean, reducing discriminability.
On MB140, rare-phase accuracy plateaus beyond m=2, and all three families
(k-NN, linear, prototype) fail (<22% despite >63% overall).

3.3 TTA Framework

Stage 1–2: Temporal Precision Filter. Stage 1 computes cosine-similarity
predictions ŷt for all test frames. Stage 2 applies a confidence-weighted majority
vote within sliding window w (w=15 frames at 1 fps, a 15-s window; Sec. 4.4) to
suppress transient false positives, yielding smoothed predictions ỹt and improv-
ing pseudo-label pool precision (27%→44% on MB140):

ỹt = argmax
c

t+⌊w/2⌋∑
j=t−⌊w/2⌋

1[ŷj = c] · confj , confj = max
c

cos(xj ,pc) (2)

Stage 3: Adaptive-Threshold Pseudo-Label Update (core mecha-
nism). For rare class c ∈ R, update via exponential moving average (EMA):

p′
c = normalize

(
α · pc + (1−α) · x̄pseudo

c

)
(3)

where α=0.5, x̄pseudo
c = mean({xt : ỹt=c ∧ conft≥τc}). Critically, τc is the q-th

percentile of confidence scores for class c (default q=75), not a fixed threshold.
A 2×2 factorial confirms this design is the dominant accuracy driver (+22 pp),
while fixed thresholds (p=0.95) yield empty pseudo-label pools for rare phases
(Sec. 4.2).

Stage 4–5: Auto-Guided Annotation. Pre-filter rare candidates (C =
{t : ỹt ∈ R}), select B frames with minimum decision margin:

st = max
c

cos(xt,p
′
c)−max

c′ ̸=ĉ
cos(xt,p

′
c′), ĉ = argmax

c
cos(xt,p

′
c) (4)
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Algorithm 1 Test-Time Adaptation for Rare Phase Recognition

Require: Test video {xt}Tt=1, prototypes {pc}Cc=1, rare classesR, window w, percentile
q, EMA weight α, budget B

Ensure: Adapted prototypes {p′
c}

1: for t = 1 to T do
2: simt,c ← cos(xt,pc) for all c; ŷt ← argmaxc simt,c; conft ← maxc simt,c

3: end for
4: for t = 1 to T do
5: ỹt ← argmaxc

∑min(T,t+w/2)

j=max(1,t−w/2) 1[ŷj=c] · confj
6: end for
7: for each c ∈ R do
8: τc ← percentileq({conft : ỹt = c}) ▷ adaptive, not fixed
9: Pc ← {xt : ỹt=c ∧ conft ≥ τc} ▷ pseudo-label pool
10: if |Pc| > 0 then
11: x̄pseudo

c ← normalize(mean(Pc))
12: p′

c ← normalize(α · pc + (1−α) · x̄pseudo
c )

13: end if
14: end for
15: C ← {t : ỹt ∈ R} ▷ rare-phase candidates
16: for b = 1 to B do
17: t∗ ← argmint∈C (maxc cos(xt,p

′
c)−maxc′ ̸=ĉ cos(xt,p

′
c′))

18: Query label y∗ for xt∗ ; update p′
y∗ ← normalize(α · p′

y∗ + (1−α) · xt∗)
19: C ← C \ {t∗}
20: end for

A human annotator labels B=5 frames (oracle in experiments); prototypes are
updated accordingly (Algorithm 1).

Multi-prototype bank. For C ≥ 10, we use K=3 sub-prototypes per class
via k-means; K=1 for C ≤ 7 (over-partitioning creates boundary confusion with
few classes).

Temporal vs. Combined.We report two operating points: Temporal (Stage 1–
3) is fully source-free and unsupervised; Combined (Stage 1–5) additionally con-
sumes B=5 human-annotated frames, so its gains partly reflect this minimal
supervision, whereas Temporal rows are strictly source-free.

4 Experiments

4.1 Datasets and Setup

MultiBypass140 (MB140) [13]: 140 gastric bypass videos (70 Bern + 70
Strasbourg), 13 phases. Rare: closure petersen space, closure mesenteric defect.
Features: LemonFM [3] (1536d). 5-fold cross-validation on Bern, cross-center to
Strasbourg.

Cholec80 [22]: 80 cholecystectomy videos, 7 phases. 40/8/32 split (stan-
dard [22]). Features: DINOv2 ViT-L/14 (1024d). We target CalotTriangleDissec-
tion: present in every case but short (<5% of frames), it suits annotation-scarcity
simulation via label masking (below).



6 H.-M. Park et al.

Cataract-101 (Cat-101) [19]: 101 cataract surgery videos, 10 phases. 70/11/20
split (following [19]). Features: LemonFM (1536d). Rare: CapsulePolishing (4.2%),
Incision (4.8%).

Rarity simulation. Training restricted to m videos containing rare-phase
labels (m=1 for MB140/Cat-101, m=5 for Cholec80). For Cholec80, CalotTri-
angleDissection appears in nearly all videos, so removing videos would confound
annotation scarcity with overall data loss. Instead, we use label masking : all 40
training videos are retained for common-phase prototype computation, but rare-
phase labels are masked in all but m videos—simulating the practical scenario
where a phase exists but lacks annotations.

Self-Training baseline. TENT-style entropy minimization adapted to a
prototype classifier: prototypes are updated with frames whose softmax-normalized
similarity exceeds a fixed threshold (p=0.95). For rare classes, this fixed thresh-
old typically yields an empty pseudo-label pool—the failure mode our adaptive-
percentile design (Sec. 3, Stage 3) resolves by construction.

Evaluation. Overall accuracy and rare-phase mean accuracy, reported as
mean±std over 5 random seeds. The seed determines which video(s) form the
rare-phase source, substantially affecting accuracy (std ±15.4–16.5%); deploy-
ment would use all rare-phase videos, reducing this variance. Statistical sig-
nificance: paired Wilcoxon signed-rank tests [25] over per-video scores (n=70
MB140 across 5 folds, n=160 Cholec80 =32×5 seeds, n=100 Cat-101 =20×5
seeds; ∗∗∗p<0.001, ∗∗p<0.01). Caveat : Cholec80 and Cat-101 pairs are pseudo-
replicated across seeds (effective independent n=32 and n=20 respectively); re-
ported p-values may be liberal.

4.2 Main Results

Table 1 presents the core comparison. Temporal (unsupervised, Stage 1–3) im-
proves rare-phase accuracy on all datasets: +25.7 pp on MB140, +31.5 pp on
Cholec80, +18.8 pp on Cat-101. A 2×2 factorial (5-fold×5-seed, Bern, K=1;
MB140 rare-phase acc.) gives: (a) fixed, no-temporal 21.7% (=Base); (b) adap-
tive, no-temporal 43.7%; (c) fixed, temporal 21.1%; (d) adaptive, temporal
40.5%. The adaptive threshold is the dominant driver (∆=+22.0 pp on MB140,
+15.4 pp on Cholec80). Temporal smoothing costs −3.2 pp in isolation [(d)<(b)]
but raises pool precision (27%→44%), aiding Combined’s oracle selection. With
fixed p=0.95, zero pseudo-labels pass the threshold on MB140; the adaptive
percentile resolves this by construction. Combined (K=3): +29.2 pp MB140
(p<0.01), +33.3 pp Cat-101. On Cat-101, Combined’s rare-phase gain costs−10.8 pp
overall—a structural limitation of cosine-similarity classifiers in high-C settings
(Sec. 5). (The factorial’s single-center K=1 Base of 21.7% differs from Table 1’s
K=3 Base of 25.9% due to independent rare-video draws.)

Causal variant. A past-only window on Cholec80 matches the bidirectional
result (71.2% vs. 70.8%, w=15), enabling real-time deployment without future
frames.
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Table 1. Main TTA results. Rare = rare-phase mean accuracy (%), Ov = overall (%).
Best non-oracle bolded; K=1 for Cholec80, K=3 for MB140/Cat-101. Temporal =
Stage 1–3 (unsupervised); Combined = Stage 1–5 (+ B=5 oracle frames). Cholec80
uses label masking (all 40 training videos retained), under which “Combined”/“Oracle”
are semantically circular (oracle annotation re-introduces masked labels), so we report
only Temporal; MB140 and Cat-101 use video removal and are unaffected.

MB140 (m=1) Cholec80 (m=5) Cat-101 (m=1)

Method Rare Ov Rare Ov Rare Ov

Base 25.9 63.6 29.6 41.3 12.0 24.4
Temporal 51.6∗∗∗ 62.0 61.1∗∗∗ 48.6 30.8∗∗∗ 15.9
Self-Training 25.9 63.6 49.8∗∗∗ 45.8 12.0 24.4
Combined 55.1∗∗ 65.2 − − 45.3∗∗∗ 13.6

Oracle 85.3 63.5 − − 98.7 10.7

∗∗∗p<0.001, ∗∗p<0.01 (Wilcoxon vs. Base). Self-Training (fixed p=0.95) = Base on
MB140/Cat-101 (zero pseudo-labels pass); on Cholec80 it admits some (+20.2 pp) vs.

Temporal’s +31.5 pp. Cat-101 Combined/Oracle degrade overall accuracy
(−10.8/−13.7 pp; Sec. 5). We use K=1 for Cholec80 since K=3 over-partitions a

7-class space.

4.3 Comparison with Temporal Baselines

Table 2 compares against temporal post-processing on the same features. Non-
adaptive baselines improve ≤8.4 pp; TENT-style [23] achieves +19.0–21.1 pp.
Our Temporal reaches +16.3/+26.1 pp (MB140/Cholec80); TENT outperforms
ours on MB140 (+19.0 vs. +16.3 pp) but trails on Cholec80 by 5.0 pp, using
∼100× more parameters. Table 2 uses video removal for Cholec80 (vs. Table 1’s
label masking), so Combined is reportable here. Its weak result (Table 2, +0.3 pp)
reflects K=3 over-partitioning a 7-class space—sub-prototype fragmentation, a
mechanism distinct from the Cat-101 overall-accuracy drop (Sec. 5), which stems
from frozen-encoder/high-C boundary shift; the recommended Cholec80 config-
uration is K=1 (Temporal). Full end-to-end architectures (MS-TCN [1], Trans-
SVNet [7]) lie outside our source-free regime; our claim is only that temporal
post-processing alone does not bridge the coverage gap, as Table 2 evidences.

4.4 Ablation and Additional Analysis

Ablation. Sensitivity to key hyperparameters (MB140, m=1, single fold/seed):
w=15 optimal; B=5 sufficient (33.6%; B=10: 41.8%); K=3 outperforms K=1
(42.7% vs. 33.6%). Both q and α are robust (q ∈ {50, 75, 90}, α ∈ {0.3, 0.5, 0.7},
<3 pp variation). Auto-guided hit rates (fraction of selected frames truly
rare-phase): Cholec80 37.6%, Cat-101 10.2%, MB140 3.14%. Ascending-margin
selection beats random by 2.7×/2.3× on Cholec80/Cat-101; on MB140 the mar-
gin is small (1.05×) due to extreme rarity (<3% of frames).

Cross-center transfer. Table 3 (MB140 Bern↔Strasbourg, 5-fold; Tempo-
ral q=75, K=3): TTA improves in all four conditions, largest at m=1 (+37.7 pp,
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Table 2. Temporal baseline comparison. ∆: rare-phase improvement (pp) over Base.

∆ Rare Mean (pp)

Method Ann. MB140 Cholec80

Majority Vote — +0.2 +6.1
TCN Post-hoc — −0.1 +5.5
GRU Smooth — −0.4 +8.4
TENT-style — +19.0 +21.1

Ours (Temporal) — +16.3 +26.1
Ours (Combined) B=5 +25.7 +0.3

Base Rare: MB140 20.5%, Cholec80 44.7% (video removal). MB140 Base differs from
Table 1 due to independent rare-video draws (±15.4%). TENT: entropy minimization

over prototype logits.

Table 3. Cross-center transfer (MB140). Rare = rare-phase mean accuracy (%). Tem-
poral = our unsupervised TTA.

Base Temporal Adapted Oracle

Bern→Stras
m=all 40.0 64.3 55.3 91.9
m=1 8.9 46.6 42.6 86.8

Stras→Bern
m=all 26.8 58.5 50.4 92.1
m=1 28.2 57.0 50.5 92.6

Temporal uses adaptive threshold (q=75). Adapted uses fixed p=0.95 + B=5 oracle
frames; the fixed threshold limits pseudo-label generation (cf. factorial, Sec. 4.2).

Bern→Stras); even with all training data it adds +24–32 pp, confirming center-
specific prototype dilution.

5 Discussion

Cross-center and self-targeting behavior. Per-video analysis (n=70) shows
TTA is self-targeting: rare-phase videos gain +24.4 pp vs. +0.0 pp for non-rare
ones, explaining the cross-center gains (Table 3) without target labels.

Structural trade-off. On MB140, Temporal costs only −1.6 pp overall and
Combined improves it (+1.6 pp; Table 1). The larger Cat-101 drop (−10.8/−13.7 pp
under Combined/Oracle) traces to the frozen-encoder representational ceiling
under the high-C=10, source-free setting (prototype-anchoring is a scoped fu-
ture direction; see Limitations).

6 Conclusion

We identified the coverage-gap paradox and proposed a lightweight TTA frame-
work (20K params, 0.08ms/frame on CPU) whose adaptive-threshold update
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yields +22 pp in factorial analysis, with temporal filtering and auto-guided anno-
tation (B=5) adding gains. Across three datasets we show +29–33 pp rare-phase
improvement over temporal baselines; a causal variant retains>99% performance
for real-time use.

Limitations. (i) On Cat-101, Combined updating trades −10.8 pp overall for
the rare-phase gain (Sec. 5); prototype-anchoring is left as future work. (ii) Pool
precision is low (11–25% on MB140) and convergence bounds remain open; the
adaptive percentile prioritizes coverage over precision, recovered downstream by
temporal smoothing and prototype geometry. (iii) The ablation (Sec. 4.4) uses
a single fold/seed (per-fold values may diverge from multi-seed means by up to
12 pp); the headline factorial (Sec. 4.2) uses 5 seeds×5 folds (+22.0 pp adaptive-
vs-fixed on MB140 Bern, K=1).
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