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Abstract. Automated video-based surgical skill assessment enables ob-
jective feedback for training, especially in resource-limited settings. How-
ever, most existing methods rely on generic spatiotemporal modeling
(e.g., absolute positional encoding or simple temporal aggregation) and
overlook large execution rhythm variability across surgeons. For instance,
experts tend to operate smoothly and efficiently, whereas novices ex-
hibit slower and irregular patterns, which ultimately limits skill discrim-
ination. To address this, we propose R-MSA (Rhythm–Morphology
Synchronous Assessment), a rhythm-aware framework that explicitly
inherent models execution rhythm differences. Specifically, a Rhythm
Morphology Encoder performs duration-conditioned rhythm encoding to
generate rhythm-adaptive representations for variable-length videos. A
Morphology-Synchronous Decoder with learnable queries aligns latent
morphology primitives (e.g., needle driving, knot tying) across rhythm-
normalized sequences. To refine procedural correspondence, a Surgical
Sequence Alignment Module integrates a Gaussian temporal prior into
co-attention for localized temporal alignment. Finally, an Uncertainty-
Calibrated Interpretable Tree produces relative skill scores with cali-
brated uncertainty through reparameterized prediction. Experiments on
JIGSAWS, HeiChole, and our proposed Kangduo datasets show that R-
MSA consistently outperforms state-of-the-art methods in ranking corre-
lation and error metrics. Our code is available at: https://bit.ly/R-MSA.

Keywords: Surgical skill assessment · Rhythm-aware video modeling
· Duration-conditioned encoding · Morphology synchronization.

1 Introduction

Automated surgical skill assessment (SSA) is fundamental to computer-assisted
surgical training, providing objective feedback to improve training efficiency and
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Fig. 1: Comparison of execution rhythms between expert and novice surgeons
performing the same task. Experts exhibit fast and smooth rhythms, whereas
novices show slow and irregular patterns. Such rhythm variability is a key skill
indicator but is largely overlooked in existing temporal modeling approaches.

surgical safety [24,9,17]. Traditional expert scoring, however, is subjective, labor-
intensive, and poorly reproducible [14,5]. The rapid adoption of robotic-assisted
and minimally invasive surgery has produced large-scale surgical video data, en-
abling learning-based SSA. Nevertheless, two fundamental challenges remain [29]:
capturing subtle differences in fine-grained surgical actions and modeling long-
range temporal dependencies under substantial execution variability.

Recent SSA research has evolved from CNN-RNN pipelines to attention-
and Transformer-based temporal modeling, including phase-aware attention [28],
feature-score alignment [4], and event-aware frameworks such as SEDSkill [3]. De-
spite these advances, most approaches primarily model what actions occur while
under-modeling how they unfold temporally across performers, particularly the
interaction between execution rhythm and temporal morphology behavior [15].

Expert assessment relies on temporal motion evolution rather than isolated
frames, reflecting control, precision, and fluency, termed temporal morphology be-
havior [15,10,32]. Stable trajectories indicate depth perception, prolonged dwells
imply inefficiency, and abrupt motions suggest tissue risk [16]. These shape-
invariant morphology primitives capture the essence of expertise. However, their
manifestation in feature space is modulated by execution rhythm, the temporal
arrangement and regularity of primitives within a procedure. Such modulation
introduces distributional shifts, hindering fair comparisons across surgeons and
durations. In this work, we formally define surgical rhythm as the temporal
modulation pattern governing the arrangement and regularity of morphology
primitives, rather than absolute execution speed or operation duration.



R-MSA: Rhythm-Morphology Synchronous Assessment 3

To address this, we propose R-MSA (Rhythm-Morphology Synchronous
Assessment), a unified framework that models SSA as a progressive process
of rhythm conditioning, sequence alignment, morphology synchronization, and
uncertainty-aware regression. Specifically, the proposed Rhythm Morphology
Encoder (RME) conditions temporal representations on execution rhythm, en-
abling rhythm-invariant encoding of morphology primitives. A Gaussian tem-
poral prior is integrated into co-attention for localized sequence alignment. On
rhythm-normalized features, a morphology-synchronous decoder employs learn-
able queries to extract structured primitives. Finally, a variational regression
tree performs uncertainty-calibrated ranking to yield interpretable skill scores
with reliable confidence intervals for clinical evaluation.

Furthermore, widely used benchmarks such as JIGSAWS [7] were collected a
decade ago with low-resolution cameras and constrained environments, lacking
the substantial execution variance needed to evaluate modern rhythm-aware
models. To bridge this gap, we introduce the Kangduo dataset, comprising 104
high-definition robotic suturing videos. Characterized by complex visual details
and significant execution rhythm variance, Kangduo provides a challenging and
clinically realistic benchmark for surgical skill assessment.
Contributions. (1) We propose R-MSA, a rhythm-aware SSA framework that
models execution rhythm via duration-conditioned encoding and morphology-
synchronous decoding for robust comparison across heterogeneous rhythms. (2)
We introduce physiology-inspired morphology primitives combined with a Gaus-
sian temporal prior and variational regression tree for interpretable assessment
with uncertainty quantification. (3) We present the Kangduo dataset (104 HD
suturing videos with expert scores) as a challenging SSA benchmark. (4) Exper-
iments on JIGSAWS [7], HeiChole [27], and Kangduo show consistent improve-
ments over state-of-the-art methods in Spearman correlation and MAE.

2 Method

Figure 2 illustrates our R-MSA framework, which regresses relative surgical skill
scores from video pairs. It comprises four modules: (a) Surgical Sequence Align-
ment Module (SSAM) for inter-video alignment, (b) Rhythm Morphology En-
coder (RME) to normalize execution rhythms, (c) Morphology-Synchronous De-
coder (MSD) to extract multi-level morphology primitives, and (d) Uncertainty-
Calibrated Interpretable Tree (UCIT) for uncertainty-aware clinical scoring.
Feature Extraction. For fair comparison with prior methods [25,12,21,30], in-
put videos are uniformly sampled into T clips and processed by a pre-trained
I3D backbone, yielding spatiotemporal features X ∈ RT ×C (C = 1024).

2.1 Surgical Sequence Alignment Module (SSAM)

Direct temporal comparison between surgical videos is challenging due to large
duration and phase variations. To enable fine-grained cross-video alignment, we
adopt SSAM that performs sample-wise co-attention with Gaussian temporal
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Fig. 2: Illustration of our R-MSA framework, which comprises SSAM, RME,
MSD, and UCIT, forming a rhythm-aware morphology synchronization pipeline.

prior. The raw target video Vk and expert exemplar Vl are adaptively sampled
into T clips (T ≤ Tmax) and processed by the I3D backbone to obtain features
Fk, Fl ∈ RN×T ×C , where N represents the batch size. Following [26], we compute
scaled dot-product attention independently for each sample b:
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To suppress mismatched long-range interactions caused by rhythm variance, we
introduce a Gaussian temporal prior mask G ∈ RT ×T :

G(i, j) = exp
(

− (i − j)2

2(γT )2

)
, γ = 0.2. (2)

This prior reflects the clinical observation that comparable procedural phases
tend to appear in temporally neighboring segments after adaptive sampling. The
masked attention is then:

S̃kl = Skl ⊙ G, S̃lk = Slk ⊙ GT , (3)

yielding aligned features F enh
k = S̃lkFk and F enh

l = S̃klFl.

2.2 Rhythm Morphology Encoder (RME)

Surgical videos of the same task exhibit large duration variance due to differing
execution rhythms. To represent identical morphology patterns under different
speeds, we introduce a rhythm-conditioned encoding instead of absolute posi-
tional encoding. Videos are divided into 4 quantile bins based on their sorted
execution durations, producing a rhythm index g ∈ {0, 1, 2, 3}. For position t
and dimension n, the frequency is conditioned as:

ωg,n = g + 1
100002n/D

, D = 128. (4)
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The rhythm encoding is computed by the sinusoidal positional encoding [26]:

Rt,2n = sin(ωg,nt), Rt,2n+1 = cos(ωg,nt). (5)

This conditioning on video duration enables rhythm-invariant morphology mod-
eling. The encoding is concatenated with enhanced features to produce rhythm-
normalized representations F enh+rhy ∈ RN×T ×1152.

2.3 Morphology-Synchronous Decoder (MSD)

We design a Morphology-Synchronous Decoder (MSD) to extract surgical mor-
phology primitives invariant to varying durations and execution rhythms. The
rhythm-normalized features are transposed into memory M = (F enh+rhy)T ∈
RT ×N×1152. Six learnable queries Q ∈ RN×K×1152 (K = 6) attend to this
memory through a 5-layer transformer decoder (8 heads, dmodel = 1152, FFN
dim 2048, dropout 0.1, LayerNorm, positional encodings following [26]). The de-
coder employs cross-attention from queries to memory and self-attention among
queries, yielding output D ∈ RN×K×1152, where each query learns a distinct
morphology primitive.

The number K = 6 is chosen as the optimal set that balances coverage of
recurring patterns and overfitting risk (ablation shows K = 6 outperforms K = 3
and K = 9 by 2% and 3% in Spearman ρ; see Table 3). Video-level embeddings
are obtained by mean-pooling over the query dimension:

F video = 1
K

K∑
i=1

Di ∈ RN×1152. (6)

This yields synchronized representations focused on action morphology.

2.4 Uncertainty-Calibrated Interpretable Tree (UCIT)

The concatenated target-exemplar video embeddings are fed into an Uncertainty-
Calibrated Interpretable Tree (UCIT)—a differentiable soft decision tree (depth
5, 32 leaves) employing probabilistic routing and leaf-level Gaussian predictors.
Internal nodes output branch probabilities pn = σ(wT

n x), and the leaf routing
probability pl is the path product. Each leaf predicts a mean µl and log-variance
log σ2

l , yielding the mixture prediction:

µ =
∑

l

plµl, σ2 =
∑

l

plσ
2
l . (7)

During training, relative skill scores y (target minus exemplar ground-truth)
are sampled via the reparameterization trick [13]. The overall objective L =
Lranking + λLuncertainty (λ = 1) incorporates a variance-attenuated loss:

Luncertainty = α
(y − µ)2

σ2 + β log σ2, (8)
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Table 1: Baseline comparison on JIGSAWS. We report the Spearmans Rank
Correlations and MAE by three cross-validation schemes on every task. K: tic
data, V: video frames, *: extra annotations such as surgical gestures are utilized.
Input Method KT NP SU Avg

LOSO LOUO 4-Fold LOSO LOUO 4-Fold LOSO LOUO 4-Fold LOSO LOUO 4-Fold
Spearman’s Rank Correlation (SROCC)↑

K+V MultiPath-VTP [19] - 0.58 0.78 - 0.62 0.76 - 0.45 0.79 - 0.55 0.78
MultiPath-VTPE [19] - 0.59 0.82 - 0.65 0.76 - 0.45 0.83 - 0.57 0.81

V T2CR [12] - - 0.89 - - 0.89 - - 0.93 - - 0.91
RICA2 [21] - - 0.90 - - 0.94 - - 0.92 - - 0.92
ViSA [18] 0.92 0.76 0.84 0.93 0.90 0.86 0.84 0.72 0.79 0.90 0.81 0.83
Contra-Sformer [1] 0.89 0.69 0.87 0.71 0.71 0.81 0.86 0.65 0.69 0.83 0.68 0.81
MT-ViT [8] 0.93 0.85 0.89 0.86 0.88 0.82 0.87 0.75 0.82 0.89 0.83 0.84
Ours 0.93 0.94 0.90 0.89 0.95 0.94 0.96 0.92 0.95 0.92 0.94 0.93

Mean Absolute Error (MAE)↓
V ViSA [18] 2.16 2.01 2.60 1.66 2.16 2.05 2.58 2.82 2.70 2.13 2.33 2.45

Contra-Sformer [1] 1.75 1.39 2.10 3.15 3.17 3.21 2.74 2.58 2.99 2.55 2.38 2.77
MT-ViT [8] 1.69 1.45 2.00 1.95 2.04 2.23 2.23 2.46 2.43 1.95 1.98 2.22
Ours 1.90 1.94 1.97 1.75 1.79 1.81 2.15 1.75 2.24 1.93 1.83 2.01

where α = 0.6 and β = 0.4. The first term adaptively attenuates penalties for
ambiguous pairs via a larger σ2, while the second regularizes against trivial vari-
ance inflation. At inference, following the validated exemplar-based paradigms of
T2CR [12], absolute skill is estimated by adding the predicted relative difference
µ to the exemplar’s ground-truth score.

3 Experiments

Dataset. We evaluate R-MSA on three surgical skill assessment datasets: JIG-
SAWS [7], HeiChole [27], and our proposed Kangduo dataset. JIGSAWS includes
three robotic tasks (KT, NP, SU) with over 30 trials each on the da Vinci sys-
tem. We use the sum score as ground truth [19,29,36] and report results under
Leave-One-Supertrial-Out (LOSO), Leave-One-User-Out (LOUO), and 4-Fold
cross-validation [22,6,25]. HeiChole comprises 24 endoscopic videos of laparo-
scopic cholecystectomy, with two clips from critical phases annotated across five
domains. We use the sum score as ground truth and adopt 4-fold cross-validation
with 75/25 split [29,36]. Kangduo is our high-definition robotic suturing dataset
comprising 104 realistic training videos. Unlike JIGSAWS, it exhibits significant
execution duration variance (14 mins), enabling robust rhythm-aware evaluation.
Data collection followed standard ethical protocols (anonymized, IRB-exempted).
To capture procedural nuances, ground truth scores were independently anno-
tated by 3 experts using a tailored, institution-specific rubric to ensure high
reliability. We use a 75/25 train/test split.
Evaluation Metrics. For JIGSAWS, we report Spearman’s Rank Correlation
Coefficient (SROCC) and Mean Absolute Error (MAE), with SROCC averaged
via Fisher’s z-value transformation [23,31,35,34] for baseline comparison. MAE
is used in ablation studies. On HeiChole and Kangduo, SROCC and MAE are
averaged over multiple runs with different random seeds for stability.
Implementation Details. We use Kinetics-pretrained I3D [2,11] to extract L2-
normalized features from its last Inception block (earlier layers frozen, final fine-
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Table 2: Results on HeiChole and
Kangduo. R-MSA is compared with
representative surgical skill assess-
ment methods using MAE and
SRCC.

Dataset Method MAE↓ SRCC↑

HeiChole
Dataset

MUSDL [25] 1.58 0.23
ViSA [18] 1.27 0.46

MT-ViT [8] 1.06 0.58
QGVL [33] 1.31 0.66

ASGTN [20] 1.29 0.68
Ours 0.95 0.76

Kangduo
Dataset

MUSDL [25] 1.26 0.67
ViSA [18] 1.19 0.75

QGVL [33] 1.16 0.83
ASGTN [20] 1.14 0.84

Ours 0.97 0.88

Table 3: Ablation studies on JIGSAWS
using 4-fold cross-validation.(a) Contribu-
tion of individual modules in R-MSA. (b)
Influence of the number of morphology
queries Q in the decoder.

(a) Module ablation
Model Variant MAE↓ SRCC↑

Full (Ours) 2.01 0.93
w/o UCIT 2.16 0.91
w/o MSD 2.55 0.89
w/o RME 2.73 0.86
w/o SSAM 3.01 0.84

(b) Query number (Q)
Model Variant MAE↓ SRCC↑

Full (Q = 3) 2.23 0.92
Full (Q = 6) 2.01 0.93
Full (Q = 9) 2.31 0.90

Fig. 3: Illustration of how rhythm-aware modeling progressively reshapes embed-
ding geometry toward skill-aligned representations. Raw I3D features exhibit
weak skill separability due to dominant rhythm variance. SSAM provides limited
improvement, whereas the full R-MSA reorganizes the original high-dimensional
space into clearly structured, skill-consistent clusters.

tuned). Videos are adaptively sampled into T clips ( 1 clip/s, capped at Tmax =
20). Frames are resized to 224 × 224 and ImageNet-normalized. Our PyTorch
framework is trained on an RTX 3090 GPU for 200 epochs using AdamW (lr
1 × 10−4, cosine decay, batch size 4).

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

Table 1 and Table 2 compare R-MSA with state-of-the-art methods on JIGSAWS,
HeiChole, and Kangduo. On JIGSAWS, R-MSA outperforms visual-based meth-
ods (ViSA, Contra-Stomer, MT-ViT) and multi-modal approaches (MultiPath-
VTPE) without kinematic data or extra annotations, achieving the best average
SROCC (0.92-0.94) and lowest MAE (1.93-2.01) across all schemes. It also sur-
passes recent AQA methods T2CR and RICA in overall robustness. On more
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Fig. 4: Morphology Synchronization Mechanism. (a) Raw attention exhibits mis-
matched long-range interactions. (b) The Gaussian prior imposes temporal lo-
cality bias. (c) The masked attention focuses on aligned regions, highlighting
target-reference correspondence. (d) Query activations over time reveal distinct
morphology primitives.

challenging datasets, R-MSA attains the lowest MAE (HeiChole 0.95, Kangduo
0.97) and highest SROCC (HeiChole 0.76 Kangduo 0.88), significantly outper-
forming ViSA, MT-ViT, and ASGTN.

3.2 Ablation Study

Quantitative analysis. Table 3 details ablation results on JIGSAWS (4-fold
cross-validation). Removing SSAM degrades performance, validating rhythm-
aware feature alignment. Omitting RME further drops metrics, proving explicit
rhythm encoding mitigates duration-induced distortion. Without MSD, impaired
morphology primitive extraction noticeably declines both SROCC and MAE.
Dropping UCIT reduces performance, confirming the value of cross-instance tem-
poral calibration. Overall, all modules provide complementary benefits.
Query number analysis. Increasing morphology queries Q from 3 to 6 im-
proves performance by enhancing representation capacity. However, larger Q
yields no further gains risking over-fragmentation. The optimal Q = 6 suggests
a balanced decomposition of surgical motions into distinct primitives.
Qualitative analysis. To understand the learned representations, we visualize
embedding geometry and attention patterns on the test set. As shown in Fig. 3,
raw I3D features exhibit weak skill-level separability (Silhouette = 0.0275), in-
dicating dominance of execution rhythm variance. Incorporating SSAM slightly
improves clustering (Silhouette = 0.0922), while the full R-MSA reorganizes the
original high-dimensional feature space into clearly structured skill-consistent
clusters (Silhouette = 0.3340), demonstrating rhythm-invariant morphology mod-
eling. Figure 4 further illustrates Gaussian prior-guided attention and query
activations over time. The masked attention suppresses spurious cross-temporal
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interactions while preserving structured alignment, and distinct queries show dif-
ferentiated activation patterns corresponding to diverse morphology primitives.

4 Conclusion

In this paper, a novel framework called R-MSA is proposed to predict the skill
score from surgical videos by synchronizing morphology primitives across het-
erogeneous execution rhythms. The framework can achieve competitive perfor-
mance on three datasets: JIGSAWS, HeiChole, and Kangduo as well as support
uncertainty-calibrated score prediction for clinical interpretability.
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