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Abstract

Deep learning is increasingly applied to intraoperative and
surgical video analysis to enable real-time workflow recog-
nition and decision support for improved surgical precision.
A key direction is modeling surgical activity as triplets of in-
strument, action, and target, which provide a richer represen-
tation of procedures. However, existing approaches often de-
pend on bounding-box annotations or lack temporal context.
We propose TWiST (Temporal Weakly Supervised Triplet de-
tection), a framework that combines weakly supervised in-
strument localization, temporal attention for triplet predic-
tion, and grounding of triplets with detected instruments. Our
experiments show that TWiST outperforms prior weakly su-
pervised baselines.

Introduction
Surgical activity modeling focuses on the recognition of
triplets, that is, recognizing interactions between instru-
ments, actions, and anatomical structures. (Nwoye et al.
2020). Incorporating spatial localization of instruments
through bounding boxes further adds spatial context to ac-
tivity modeling, enabling more precise reasoning about sur-
gical workflows. However, generating such detailed anno-
tations requires expert knowledge, is time-consuming, and
costly at scale. To reduce dependence on bounding-box an-
notations, weakly supervised localization methods were in-
troduced that leverage only triplet and instrument labels for
instrument localization. Approaches such as RDV-Det, IF-
Net, and DualMFFNet, etc. (Nwoye et al. 2023),(Nwoye
et al. 2022) applied weak supervision for instrument local-
ization, but they generally underperform because they ne-
glect temporal dependencies critical for modeling surgical
workflows. Further, (Sharma et al. 2023) applied temporal
attention to improve surgical triplet prediction. However, the
method lacks instrument localization and the grounding of
predicted triplets with instrument detections. So, we propose
TWiST(Temporal Weakly Supervised Triplet) recognition,
a temporal triplet detection framework with weakly super-
vised instrument localization. TWiST is a compact three-
stage pipeline for weakly supervised surgical triplet detec-
tion: a localization module localizes instruments through
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weak supervision using only instrument class label, a multi-
task temporal module predicts instrument, action, target, and
the final triplet. A final merging module associates detected
instrument regions with the predicted triplets to output final
〈instrument, action, target, box〉 annotations.

Methodology
Overall pipeline. The approach, as seen in figure 1, com-
prises a three-stage pipeline: (1) a weakly-supervised instru-
ment counting and localization module, (2) a multi-task tem-
poral triplet detection module predicting instrument, action,
and target logits as well as final triplets, and (3) a merging
module that grounds triplet predictions using instrument de-
tections.

1. Weakly Supervised Instrument Counting and Lo-
calization (Module 1). We model instrument count pre-
diction as a multi-output regression problem instead of a
multiclass-multilabel classification, where each of the six
surgical instrument classes may appear with multiple in-
stances per frame. Let x denote an input frame and y =
[y1, y2, . . . , y6]

⊤ represent the corresponding ground-truth
counts for each instrument class. A ResNet-50 backbone
with a final fully connected regression head, fθ(x), predicts
ŷ = fθ(x). The model is trained using mean squared er-
ror (MSE). This constitutes a weakly supervised instrument
counting and localization head, requiring only class-level in-
strument labels. To obtain spatial cues, we apply Gradient-
weighted Class Activation Maps (Grad-CAM) to the feature
maps of the last bottleneck block of ResNet-50 to produce
bounding boxes for each instrument instance.

2. Multi-task Temporal Triplet Detector (Module 2).
We employ a multi-task temporal model for surgical triplet
detection by finetuning a pretrained ResNet-50 backbone to
extract per-frame features. Features are processed through
two multi-head attention layers to capture short-range tem-
poral dependencies across five consecutive frames. Thus, by
leveraging multi-head attention across consecutive frames,
we incorporate temporal attention modeling to capture
motion-related cues. Three parallel branches predict the log-
its for instrument (6 classes), action (10 classes), and target
(15 classes), which are then concatenated and fed to a triplet
branch (100 classes) with the initial extracted image fea-
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Figure 1: Overview of the proposed TWiST architecture

Model mAPi mReci mAPivt mRecivt mPreivt

MTTT∗ 10.98 21.15 1.47 3.65 7.18
DualMFFNet 4.57 6.66 0.36 0.73 2.29
RDV-Det 3.00 8.20 0.24 0.86 1.59
DATUM 0.23 2.70 0.07 0.39 0.65
IF-Net 0.70 3.60 0.22 0.92 –
Atom-TKD 0.90 2.40 0.15 0.32 –
SurgeNet∗ 10.80 19.60 1.30 3.90 –
TWiST (Ours) 12.07 19.15 1.74 3.14 7.92
TWiST (1 attention layer) 5.52 9.50 0.59 1.49 4.31
TWiST (No attention) 4.91 9.15 0.54 1.35 3.02

Table 1. Comparison with existing methods and ablations.
∗Methods trained on external CholecT datasets
Bold: Best score, Underline: Best score w/o using other CholecT datasets.

tures. The model is optimized with a weighted binary cross-
entropy loss.

3. Merging and Grounding (Module 3). Module 3 re-
ceives the triplet predictions with their probabilities from
Module 2 and the instrument detections from Module 1. If
no instruments are detected, triplet outputs are set to ab-
sent (zero probability, coordinates −1). Otherwise, each de-
tected bounding box of the instrument is linked to the top-
ranked triplet(s), and the triplet with highest probability is
chosen for each instrument. This enforces consistency and
grounds triplet predictions. The module outputs triplets with
their probabilities, instrument IDs, and bounding box coor-
dinates.

Experiments and Results
Dataset and Experimental Setup : We used a subset of
the CholecT45 dataset, specifically 10 videos (out of 45)
for training and 5 for testing due to computational limits.
For training, there were a total of 17,651 frames sampled at
1 frame per second, while the testing set contained 10,375
frames. We used 2 T-4 GPUs to train our model and conduct
ablations.

Experimental Results We evaluated the proposed
method, TWiST, against existing surgical action triplet

recognition and weakly supervised instrument localization
approaches. For in-depth implementation details of these
methods, refer to -(Nwoye et al. 2023). (Methods utilizing
fully supervised-pretraining on external datasets have not
been included in Table1). As seen in Table1, through exten-
sive ablation studies, we observed that TWiST consistently
outperformed all methods using no external datasets and
achieved competitive results closely trailing methods pre-
trained on external CholecT datasets. Furthermore, ablation
studies on the attention layers indicate that using temporal
attention enhances performance by effectively capturing
temporal dependencies.

Future Work
Future research can explore advanced temporal attention ar-
chitectures specifically designed for video-based learning,
such as TimeSformer or Video Swin Transformer, which
leverage spatiotemporal self-attention for long-range depen-
dency modeling. Additionally, extending weakly supervised
learning frameworks to incorporate 3D volumetric feature
representations and spatiotemporal localization, as seen in
works like WS3D-Net, can further improve joint learning of
action and anatomical context in surgical video analysis.
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