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Abstract. Automated Surgical Error Detection is critical for intraop-
erative safety and objective skill assessment in robotic-assisted surgery.
Although major errors are visually apparent, subtle execution-level errors
reflect early control degradation and often resemble normal maneuvers,
posing a significant challenge for reliable detection. Although existing
methods explore various spatio-temporal and multi-modal features, they
formulate error detection as implicit discrimination. Consequently, they
struggle to resolve the visual ambiguity of subtle errors without an ex-
plicit reference of correct execution. In this paper, we propose KIDA,
a Kinematic-Intent Dual-path Alignment framework that enhances the
discrimination of subtle surgical errors by explicitly aligning actual ex-
ecution with clinically grounded intents. KIDA leverages kinematic in-
formation to more comprehensively capture the current motion state,
and incorporates predefined textual descriptions based on clinical stan-
dards to serve as an explicit reference for correct execution. Specifically,
the Kinematic Execution Branch (KEB) processes lightweight kinematic
motion dynamics to provide subtle execution details about the ongo-
ing surgical action. The Clinically-Guided Intent Branch (CIB) utilizes
semantic intent derived from clinical textual descriptions to provide ex-
plicit guidance, dynamically evaluating whether the motion-aware visual
features conform to the intended standard maneuver. To further improve
error discrimination, we introduce an Intent-Execution Alignment (IEA)
optimization strategy, which explicitly enforces consistency for normal
actions while actively decoupling subtle errors from the semantic intent
to enlarge the feature margin. Experiments on the SAR-RARP50 dataset
demonstrate that KIDA achieves state-of-the-art performance, improv-
ing AUC by 2.28% and AP by 4.86% while demonstrating generalizability
on the JIGSAWS benchmark with a 0.84% AUC improvement. Code is
available at https://github.com/yxluo8/KIDA.
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1 Introduction

The rapid adoption of Robotic-Assisted Surgery (RAS) demands reliable auto-
mated Surgical Error Detection (SED) to ensure intraoperative patient safety
and provide objective skill assessment [24,13]. While catastrophic mistakes such
as severe hemorrhage or direct organ injury [2] may be visually apparent, many
clinically relevant execution errors are considerably more subtle [10]. These er-
rors often arise from improper motion control, repeated ineffective attempts, or
unstable manipulations like inadequate suture tension. If left uncorrected, these
seemingly minor deviations can accumulate and cascade into severe postoper-
ative complications, such as anastomotic urinary leakage [4,15]. Furthermore,
because these faults remain visually similar to valid but complex procedural
variations, such ambiguity poses a fundamental challenge for reliable automated
detection [20,7].

Early SED research primarily focused on structured dry-lab settings [1]. In
these controlled environments, Li et al. [12] proposed runtime error detection us-
ing contrastive metric learning on trajectories, while Shao et al. [18] introduced
the Chain-of-Gesture (COG) framework, employing gesture-level prompts to en-
hance temporal reasoning. With the advent of clinically realistic datasets such as
SAR-RARPS50 [16], research shifted toward untrimmed in-vivo procedures char-
acterized by long durations and substantial inter-surgeon variability. To address
the complex dynamics of extended surgical phases, recent methods rely heavily
on aggregating temporal features over long windows to smooth out execution
noise. For example, Sirajudeen et al. [19] introduced MS-TCN++ cascade for
refined frame-level predictions, and Xu et al. [21] proposed SEDMamba, utiliz-
ing Selective State Space Models (SSMs) [8,9] to efficiently capture long-range
visual dependencies.

Despite the progression from controlled dry-lab settings to complex in-vivo
scenarios and the exploration of diverse multi-modal cues and long-range tem-
poral modeling [12,18,19,21], reliably detecting subtle execution errors remains
challenging. Most existing approaches enrich spatio-temporal representations
and directly predict error probabilities from observed features, resulting in a
predominantly appearance-driven formulation. However, subtle execution errors
often share highly similar visual and motion characteristics with valid surgical
maneuvers, leading to substantial overlap in feature space. When discrimination
depends solely on feature-level differences, distinguishing genuine faults from
acceptable procedural variations becomes inherently difficult.

To address this limitation, we reformulate SED from an implicit feature-
level classification into an explicit measurement of intent-execution consistency.
Based on this perspective, we propose KIDA (Kinematic-Intent Dual-path
Alignment), a framework that determines surgical errors by comparing observed
execution with clinically defined normative behavior. KIDA models this compar-
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ison through two complementary branches. The Kinematic Execution Branch
(KEB) first enhances the representation of ongoing surgical motion by lever-
aging lightweight kinematic cues, providing fine-grained information about ac-
tual execution beyond appearance-based features. Subsequently, the Clinically-
Guided Intent Branch (CIB) introduces textual descriptions derived from clinical
standards to dynamically query the visual representations, effectively evaluating
whether the ongoing execution conforms to the intended maneuver. For furthur
discrimination, we design an Intent-Execution Alignment (IEA) optimization.
IEA explicitly regulates the fused representations by enforcing sparsity to main-
tain execution stability for normal maneuvers, while actively minimizing the
semantic similarity between the unconstrained kinematic discrepancy and the
correct intent, thereby pushing erroneous executions away from the normative
feature space. Our main contributions are summarized as follows:

— We reformulate Surgical Error Detection as measuring execution consistency
with clinically grounded intent, shifting from purely appearance-driven dis-
crimination to intent-execution alignment.

— We propose KIDA, which integrates a Kinematic Execution Branch (KEB)
and a Clinically-Guided Intent Branch (CIB) to model actual motion and
normative intent, optimized via an auxiliary Intent-Execution Alignment
(IEA) regularization to explicitly enforce strict consistency while actively
decoupling subtle errors from the semantic intent.

— Extensive experiments on the highly challenging in-vivo SAR-RARP50 dataset
demonstrate the superiority of our framework, achieving state-of-the-art
(SOTA) results by improving AUC by 2.28% and AP by 4.86%. Furthermore,
KIDA demonstrates generalizability on the JIGSAWS, yielding a 0.84% AUC
improvement.

2 Method

Fig. 1 illustrates the overall architecture of the proposed KIDA framework. Un-
like existing approaches that directly map visual features to implicit temporal
spaces, KIDA structurally enforces explicit alignment between physical execution
and clinical intent. The framework is built upon an spatio-temporal backbone
and incorporates three core components: (i) the Kinematic Execution Branch
(KEB); (ii) the Clinically-Guided Intent Branch (CIB); and (iii) the Intent-
Execution Alignment (IEA) optimization. In the following sections, we describe
each component in detail.

2.1 Backbone Architecture

We adopt the spatiotemporal modeling framework of SEDMamba [21], which
follows a sequential pipeline of visual feature extraction followed by temporal
modeling. Given an input video V = {z;}1_,, we first employ DINOv2-Giant
with registers [14] as the visual encoder to extract frame-level representations
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Fig. 1. Overview of the proposed KIDA framework. It comprises three components:
(i) the Kinematic Execution Branch (KEB), which enhances visual features with kine-
matic cues; (ii) the Clinically-Guided Intent Branch (CIB), which constructs a textual
reference of correct execution from clinically grounded textual descriptions; and (iii)
the Intent-Execution Alignment (IEA) optimization, which enforces consistency be-
tween execution and intent for improved error discrimination.

F, € RTXC where C = 1000. The extracted features are then fed into a Mamba-
based temporal module (MTemp) from [21] to capture long-range temporal de-
pendencies and obtain spatiotemporal representations. Finally, a convolutional
layer is applied to generate frame-level anomaly scores for surgical error detec-
tion.

2.2 Kinematic Execution Branch

While the backbone captures general spatiotemporal dynamics, it remains lim-
ited in distinguishing subtle execution errors that exhibit highly similar visual
patterns [2]. We introduce the Kinematic Execution Branch (KEB), which ex-
plicitly injects motion cues to enhance fine-grained physical modeling.

Given visual features F, € RT*¢ we extract kinematic motion signals F}, €
RT*6 using OpenCV-based optical flow. KEB integrates motion information to
obtain the enhanced execution feature F:

Fo=F, + ¢(F) © o (y(Fr)), (1)

where ¢(-) projects low-dimensional kinematic signals into the visual embedding
space, 1(-) learns motion saliency for adaptive gating, ® denotes element-wise
multiplication, and o is the sigmoid activation.

To further preserve micro-level kinematic instabilities that may be smoothed
during temporal aggregation, we additionally derive a residual from the raw
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motion signals:
FkA :MLP(Fk)v (2)

where MLP is a lightweight projection network. This residual is injected into the
intermediate temporal pipeline to provide unfiltered physical cues.

Overall, KEB strengthens the backbone by both adaptively modulating vi-
sual representations with motion saliency and preserving fine-grained kinematic
deviations, thereby improving sensitivity to subtle execution errors.

2.3 Clinically-Guided Intent Branch

In addition to motion-enhanced features provided by the KEB, subtle errors can
also arise from deviations relative to procedural intent. To capture this aspect,
we introduce the Clinically-Guided Intent Branch (CIB), which provides explicit
supervision based on standardized surgical knowledge.

We construct intent descriptions for predefined error categories from [21],
reformulated as normative maneuver statements under clinical guidance, such
as: “Only one piercing per needle regrasp; no repeated piercings.”, “Instruments
remain fully visible at all times.”. These textual instructions are encoded using
BioClinicalBERT [3], producing semantic embeddings F.,; € R**768 that define
the clinical reference space.

To align semantic intent with motion-enhanced execution features F,, we
concatenate the text embedding with a learnable query vector to form the in-
tent query @). The textual component encodes clinical norms, while the learnable
query introduces adaptive visual grounding for precise probing of spatiotempo-
ral features. Cross-attention is then applied to inject intent guidance into the
execution features:

Fy = F, + CrossAttn(Q, F, F.). (3)

The CIB fuses motion-enhanced features with clinical intent to generate an
intent-aligned representation Fz, complementing KEB features and facilitating
subtle error discrimination in subsequent temporal processing.

2.4 Intent-Execution Alignment

To further enhance intent-execution alignment and consolidate the discrimina-
tion boundary, we introduce an auxiliary Intent-Execution Alignment (IEA)
module, inspired by contrastive alignment methods such as CLIP [17], to ex-
plicitly regulate the relationship between the kinematic residual F and the
intent query Q.

Let y; € {0,1} denote the ground-truth label at frame ¢ (0 for normal, 1 for
error). Both F, ,ft and @Q; are projected via MLP to a common 256-dimensional
space. The IEA loss is defined asymmetrically as:

IF 1 ye =0

£IEA(FIfA,t7 Q) = A (4)
COS(F]Q’UQI‘,) y Yt = 1
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where cos(-,-) denotes cosine similarity.

For normal maneuvers (y; = 0), minimizing the L1 norm encourages F} kft —
0, suppressing minor motion noise and maintaining stable execution aligned with
intent. For error frames (y; = 1), minimizing |cos| forces the residual to diverge
from the semantic intent, amplifying subtle discrepancies that are visually de-
ceptive.

2.5 Loss Function

The final frame-level prediction combines intent-aligned features Fz from CIB
with kinematic residuals F; kA from KEB. Both are first processed through MTemp,,
and summed, then passed through two temporal blocks and a classification MLP
to produce g;. The overall loss jointly combines classification and alignment,
using BCE loss and TEA loss, respectively:

L= (Locryrd:) + Liea(Ffy, Q1)) (5)

This joint supervision trains the network to classify subtle errors while enforc-
ing alignment with semantic intent. BCE drives correct label prediction, while
IEA leverages fine-grained kinematic cues to enlarge the margin between normal
and erroneous executions.

3 Experiments

3.1 Experimental Design

Datasets. We evaluate KIDA on SAR-RARP50 [16] (sampled at 5 Hz), an in-
vivo dataset containing suturing segments from Robot-Assisted Radical Prosta-
tectomy (RARP) procedures. The fine-grained nature of suturing makes it suit-
able for evaluating subtle error detection. It comprises 40 training (46,586 nor-
mal and 18,540 error frames) and 8 testing videos (7,549 normal and 2,096 error
frames). To validate generalizability, we additionally evaluate on the JIGSAWS
benchmark [1] of elementary surgical tasks.

Metrics. We adopt standard frame-level evaluation metrics, namely area
under the curve (AUC) and average precision (AP), to assess the detection per-
formance. To evaluate sensitivity to transient faults, we further report results
separately for short errors (< 3s) and long errors (> 3s).

Implementation Details. The proposed KIDA framework is trained end-
to-end. All experiments are conducted on a single NVIDIA GeForce RTX 4090
24GB GPU. We use the AdamW optimizer with an initial learning rate of 2e — 5
and a weight decay of le — 4. The network is trained with a batch size of 1.
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Table 1. Performance comparison on the SAR-RARP50 dataset. Fine-grained results
are focusing the comparative analysis on highly competitive architectures.

Moethod All Test Data Short Errors (< 3s) Long Errors (> 3s)
AUC (%)t AP (%)t AUC (%)t AP (%) 1t AUC (%) 1t AP (%) 1
TeCNO [5] 58.14 +£0.33 26.01 £0.32 - - -
MS-TCN [6] 58.82+0.16 29.98 £ 3.06 - - -
MS-TCN++ [11] 58.57 £0.43 30.35 £1.35 - - - -
LSTM [12] 68.43 £1.21 37.26 £2.65 60.00 £1.23 18.17£1.57 79.25£0.95 36.83 £1.68
ASFormer (22| 68.76 £ 0.93 36.79 £2.35 63.28 £0.77 25.13 £ 0.63 76.26 +0.42 33.61 £ 0.94
Vim [23] 69.06 + 1.46 40.63 +£2.30 62.57 +1.00 24.94 +0.28 77.18 +1.88 35.04 +4.48
Mamba [8] 69.38 £ 0.26 41.074+0.95 63.17+2.44 24.83+3.67 74.17+1.33 29.08 £+ 1.41
SEDMamba [21] 71.20+0.26 44.87 +£1.52 62.24 +£0.25 24.57+£0.21 79.57 +£1.01 35.30 £ 1.52
Ours 73.48+£0.17 49.73 £0.29 63.82 £ 0.58 26.96 + 1.42 82.29 + 0.43 44.06 + 1.80

3.2 Comparison with the State-of-the-arts

Quantitative and Qualitative Comparison. To evaluate the effectiveness
of KIDA in detecting subtle surgical errors, we compare it with representa-
tive approaches, including video-based models (TeCNO [5], MS-TCN [6], MS-
TCN++ [11]), Transformer-based methods (ASFormer [22], Vim [23]), temporal
modeling networks (LSTM [12]), and recent selective state space models such as
Mamba [8] and SEDMamba [21]. Experiments are first conducted on the widely
used SAR-RARP50 benchmark, with quantitative results reported in Table 1.

Our method achieves state-of-the-art performance, surpassing previous SOTA
method SEDMamba by 2.28% in AUC and 4.86% in AP, demonstrating supe-
rior discrimination of subtle execution-level errors. Consistent improvements are
also observed for both long and short error categories. For prominent long errors
(> 3s), AUC increases from 79.57% to 82.29%, indicating enhanced modeling of
sustained deviations. For short errors (< 3s), although absolute gains are intrin-
sically constrained by temporal smoothing, AUC still improves from 62.24% to
63.82% and AP from 24.57% to 26.96%. These consistent improvements across
all durations further confirm the effectiveness and practical relevance of our
framework in resolving clinically critical subtle deviations.

We visualize the predicted error probability curves of our method and SED-
Mamba and present two representative cases in Fig. 2. As shown, our method
generates noticeably sharper and higher peaks than SEDMamba, effectively al-
leviating the baseline’s insufficient response to subtle errors, particularly in the
red boxed regions. Rather than overly smoothing the predictions, KIDA ampli-
fies the relative margin between erroneous and normal states, which is consistent
with the observed improvement in overall AP.

Generalization Performance. To validate generalizability, we evaluate
KIDA on the dry-lab JIGSAWS dataset, an environment inherently simpler
than complex clinical scenarios due to its standardized tasks. As shown in Ta-
ble 2, COG is excluded from direct comparison for utilizing additional gesture
information. Under a fair setup, KIDA consistently surpasses SEDMamba in
both AUC and AP. These steady improvements across the highly complex SAR-
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Fig. 2. Visualization of prediction results from the proposed KIDA (blue curve) and the
previous state-of-the-art method SEDMamba (green curve). The pink shaded regions
indicate ground-truth error frames. The horizontal axis represents the frame index, and
the vertical axis denotes the predicted error probability. The red boxed areas highlight
subtle errors that are missed by SEDMamba but successfully detected by KIDA.

Table 2. Performance comparislon on Table 3. Ablation study of different com-
the JIGSAWS dataset. COG is ex-

" . - ponents.
cluded from comparison as it utilizes
additional gesture information. Mothod AUC (%) AP (%)
KIDA 73.70 + 0.34 49.48 + 0.31
Method AUC (%) AP (%) w/o IEA 73.39 + 0.52 48.43 + 1.78
COG [18] 7202 + 2.87 75.02 + 6.25 w/o IEA & KEB 72.10 + 1.02  46.72 £ 0.93
SEDMamba [21] 72.69 + 2.67 74.16 £ 6.01 w/o IEA & CIB 7151 £ 025 45.47 £ 0.81

Ours 73.53 + 2.88 74.73 + 6.16 w/o IEA & KEB & CIB 71.20 + 0.26 44.87 £ 1.52

RARPS50 and the simplified JIGSAWS datasets confirm that explicit kinematic-
intent alignment maintains generalizability across varying surgical complexities.

3.3 Ablation Study

Table 3 reports a step-wise ablation study of our framework. The full model
KIDA achieves the best performance overall. Removing Intent-Execution Align-
ment (IEA) leads to drop in AP (Row 2), indicating that explicit intent-execution
alignment helps produce more distinguishable error responses. Further removing
Kinematic Execution Branch (KEB) causes a larger degradation (Row 3), show-
ing that motion modeling is crucial for resolving visual ambiguity. Eliminating
Clinically-Guided Intent Branch (CIB) reduces the model to an implicit visual
baseline and yields the lowest performance (Row 4), highlighting the importance
of clinically grounded semantic guidance.

We further replace clinical intents with irrelevant text and observe an AUC
drop to 72.06%, indicating that clinically relevant intents provide effective task-
specific semantic guidance beyond the mere presence of text.

Overall, the consistent decline across variants demonstrates that all three
modules contribute complementary benefits, and their integration produces the
strongest discrimination capability.



KIDA: Kinematic-Intent Dual-path Alignment 9
4 Conclusion

In this paper, we propose the Kinematic-Intent Dual-path Alignment (KIDA)
framework, reformulating subtle surgical error detection as an explicit measure-
ment of intent-execution consistency. By aligning physical execution with clini-
cal references, our method robustly discriminates minor deviations. Experiments
demonstrate state-of-the-art SAR-RARP50 performance and generalizability of
JIGSAWS. Despite stable convergence, KIDA occasionally over-smooths dense
errors and is limited to single-stage validation and dataset-constrained binary de-
tection. Future work will explore finer-grained annotations for multi-class warn-
ing systems across broader procedures.
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