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Abstract
During surgical training, real-time feedback
from trainers to trainees is important for pre-
venting errors and enhancing long-term skill ac-
quisition. Accurately predicting the effective-
ness of this feedback, specifically whether it
leads to a change in trainee behavior, is cru-
cial for developing methods for improving sur-
gical training and education. However, relying
on human annotations to assess feedback effec-
tiveness is laborious and prone to biases, un-
derscoring the need for an automated, scalable,
and objective method. Creating such an auto-
mated system poses challenges, as it requires
an understanding of both the verbal feedback
delivered by the trainer and the visual context
of the real-time surgical scene. To address this,
we propose a method that integrates informa-
tion from transcribed verbal feedback and cor-
responding surgical video to predict feedback
effectiveness. Our findings show that both tran-
scribed feedback and surgical video are indi-
vidually predictive of trainee behavior changes,
and their combination achieves an AUROC of
0.70 ± 0.02, improving prediction accuracy by
up to 6.6%. Additionally, we introduce self-
supervised fine-tuning as a strategy for en-
hancing surgical video representation learning,
which is scalable and further enhances predic-
tion performance. Our results demonstrate the
potential of multi-modal learning to advance
the automated assessment of surgical feedback.
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1. Introduction

Importance: During surgical training, real-time
feedback from trainers to trainees with the intention
of modifying trainee behavior is crucial for avoiding
errors (Wong et al., 2023) and enhancing long-term
learning outcomes (Agha et al., 2015). The quality
of such feedback has been shown to significantly in-
fluence a trainee’s intraoperative performance (Bon-
rath et al., 2015), development of technical skills
(Ma et al., 2022), and sense of autonomy (Haglund
et al., 2021). The quality of communication has also
been directly linked to operative outcomes (D’Angelo
et al., 2020). Given its impact, understanding what
makes feedback effective, specifically in terms of lead-
ing to trainee behavior change, is important. How-
ever, manually assessing feedback is unsustainable
and prone to human biases (Chinh et al., 2019). As
a result, there is a need for an objective, scalable,
and automated approach for predicting feedback ef-
fectiveness (Figure 1).
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Figure 1: Motivation for automating the prediction of feedback effectiveness in surgical training.
Manual annotation is time-consuming, prone to human biases, and requires expertise, while automated
prediction is quick, objective, and scalable. Trainers can use these assessments to improve their feedback
delivery in the operating room, enhancing the quality of surgical training.

Figure 2: Examples of feedback instances that are effective (result in trainee behavior change).
The left example depicts feedback that describes addressing bleeding which causes the trainee to perform
coagulation. The right example depicts feedback about pulling and retraction which causes the trainee to
pull down the lower mass.

Challenges: Analyzing feedback effectiveness is
challenging due to its inherently unstructured and
multimodal nature (Kocielnik et al., 2023; Wong
et al., 2023). Surgical feedback delivery involves a
combination of verbal conversations, visual cues, and
non-verbal appraisals, all of which can vary signif-
icantly in form. Thus, evaluating feedback effec-
tiveness requires a comprehensive understanding of
the verbal feedback content and the visual surgical
context (Wong et al., 2023). Feedback content pro-
vides information about the quality and nature of the
trainer’s guidance, while visual context provides in-
sight into trainee behavior during feedback delivery,
relevant complexities of the surgical scene (i.e., in-

strument usage, presence of bleeding, etc.), and post-
feedback trainee behavior (Figure 2).

Our Approach: In this work, we propose a multi-
modal approach that integrates textual and visual in-
formation to predict feedback effectiveness. We tran-
scribe audio recordings of feedback during surgery
and use Sentence Transformers (SBERT) to extract
embeddings from the transcriptions, capturing the se-
mantic meaning of the trainer’s guidance (Reimers
and Gurevych, 2019). On the visual side, we use
video masked autoencoders (VideoMAE) to extract
information from the surgical video corresponding to
when feedback is delivered (Tong et al., 2022). To en-
hance model performance, we employ self-supervised
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Figure 3: The model pipeline for predicting trainee behavior change from feedback audio and video,
composed of four steps: (A) Self-Supervised Pre-training of VideoMAE using Kinetics-400 (human
action data); (B) Self-Supervised Fine-tuning of VideoMAE using either Task-Relevant fine-tuning
on feedback-specific videos or Domain-Relevant fine-tuning on all surgical video; (C) Supervised Fine-
tuning of VideoMAE for predicting trainee behavior change; and (D) Supervised Training of Multi-
modal Model which combines video features from VideoMAE and text features from SBERT for the
prediction task.

learning (SSL) fine-tuning of VideoMAE on surgi-
cal data. We do SSL fine-tuning for the follow-
ing reasons: 1) SSL is easily scalable: SSL does
not require labeled data, making it easy to continue
SSL pre-training on additional domain-specific data
as it is acquired (Caron et al., 2020; Kaplan et al.,
2020; Sorscher et al., 2022). 2) Trainee behavior
change is a weak label: There is not always a clear
link between surgical video corresponding to feedback
and trainee behavior change, and even when there
is, visual features indicative of trainee behavior vary
across different feedback instances. SSL fine-tuning
enables the model to learn more generalizable visual
features from surgical video, which enhances the ef-
fectiveness of supervised training for the prediction
task.

We explore two SSL fine-tuning strategies: task-
relevant SSL fine-tuning on task-relevant feedback
video instances and domain-relevant SSL fine-tuning
on all surgical videos. Both approaches result in im-
proved predictive accuracy, while task-relevant SSL
achieves comparable accuracy with 16.8% of the data.

Findings: We summarize our findings as follows:

• We achieve an Area under the ROC Curve (AUC)
of 0.70 ± 0.02 for the novel task of predicting
trainee behavior change in surgical training.

• We show that self-supervised fine-tuning on surgi-
cal video data even with a limited amount of data
significantly helps improve prediction performance.
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• We show that verbal feedback content and surgical
video are predictive of trainee behavior, and the
fusion of both improves prediction by up to 6.6%.

Contributions:

• To the best of our knowledge, we are the first to
show the feasibility of an automated system to pre-
dict the effectiveness of surgical feedback in chang-
ing trainee behavior from multi-modal features of
surgical video and audio.

• We introduce self-supervised fine-tuning strate-
gies to improve representation learning of surgical
video.

• We provide novel insights into the importance of
textual and visual features for evaluating feedback
effectiveness in real-world surgeries.

2. Related Work

Feedback in Robot-Assisted Surgery. Prior
work on analyzing surgical feedback in robot-assisted
surgery has primarily focused on categorization.
Wong et al. (2023) most recently developed a clin-
ically validated system to manually categorize feed-
back into three core components (Anatomic, Proce-
dural, Technical) and auxiliary aspects (Praise, Crit-
icism, Visual Aid). The study found some associ-
ations between these categories and trainee behav-
ior change. However, its analysis was limited by the
broadness of the categories, which do not capture
the finer details necessary for a more accurate under-
standing of feedback effectiveness. Furthermore, the
study relied heavily on manual effort to determine
these categories, making the approach vulnerable to
human limitations in recognizing complex patterns
(Chan and Mazzocco, 2021), inherent cognitive biases
(Chinh et al., 2019), and attention span constraints
(Baralt, 2011).
To the best of our knowledge, there exists no prior

work on the automated prediction of feedback effec-
tiveness.

Self-Supervised Video Understanding. The
success of deep learning has relied heavily on the
availability of large-scale annotated datasets, but
obtaining these annotations is costly and labor-
intensive, especially for surgical feedback, which
additionally requires specialized expertise. Self-
supervised learning (SSL) addresses this issue by en-
abling models to learn from unlabeled data (Schiappa
et al., 2023; Tong et al., 2022). SSL trains models

using objectives derived from the data itself, and the
model is then later fine-tuned (using supervised learn-
ing) for specific downstream tasks (Schiappa et al.,
2023). This approach is well-suited for feedback ef-
fectiveness prediction, where only a subset of surgery
video data is tied to feedback instances.

A notable SSL technique for video is video masked
autoencoders (VideoMAE), recognized for its data ef-
ficiency (Tong et al., 2022). VideoMAE masks parts
of the video and trains the model to reconstruct miss-
ing segments, capturing essential contextual and tem-
poral information (Tong et al., 2022). VideoMAE
pre-trained on human action data has been effec-
tive in surgical tasks like phase recognition in tho-
racic surgery (Mateen et al., 2024) and surgical feed-
back classification (Kocielnik et al., 2023). We use
VideoMAE to predict feedback effectiveness and ex-
plore further improvements through self-supervised
fine-tuning.

Video/Multi-modal Models for Surgery. Most
surgical computer vision research has focused on
deep learning models for specific, highly visual tasks
such as segmentation, tool identification, anatomic
part recognition, and surgical scene reconstruction
(Ramesh et al., 2023; Twinanda et al., 2016; Allan
et al., 2020; Jin et al., 2020; Liu et al., 2024; Wang
et al., 2022). However, these models have mainly
been tested on limited, mono-centric, procedure-
specific datasets that do not fully capture real-world
surgical workflows (Ramesh et al., 2023; Schmidgall
et al., 2024).

There has been limited progress in developing gen-
eral or foundational surgical video models, as gen-
eral models face challenges when applied to specific
downstream tasks. For example, Schmidgall et al.
(2024) introduced GSViT, a General Surgery Vi-
sion Transformer pre-trained on 680 hours of surgery
videos using next-frame reconstruction. However, its
focus on single-frame prediction limits its applica-
bility for feedback prediction, where integrating in-
formation across multiple frames is key. Similarly,
Yuan et al. (2023) proposed Surgical Vision Lan-
guage Pre-training (SurgVLP) using 3k hours of sur-
gical video lectures aligned with transcribed audio.
While it outperformed non-surgical baselines, it un-
derperformed compared to fully supervised methods
on vision-specific surgical tasks, highlighting the diffi-
culty of adapting general models to specialized tasks.

The only work exploring video use for surgical feed-
back tasks is Kocielnik et al. (2023), which developed
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a method for automated feedback classification us-
ing the clinically validated system proposed by Wong
et al. (2023). This approach utilized multi-modal in-
puts (text, audio, video) and fine-tuned a VideoMAE
model pre-trained on human action data.
Although the tasks are similar, predicting feedback

effectiveness is less visual compared to feedback clas-
sification, making it more challenging. Feedback cat-
egories such as “Visual Aid” and “Anatomic” involve
distinct visual elements such as cues for directing the
trainee’s attention or the presence of anatomical land-
marks (Wong et al., 2023). In contrast, understand-
ing feedback effectiveness involves identifying unclear
and variable visual cues (Kocielnik et al., 2023).

3. Methods

3.1. Data and Annotations

Data Acquisition We use a dataset contain-
ing real-time feedback delivered during live robot-
assisted surgeries summarized in Table 1. The
dataset comprises audio recordings captured using
wireless microphones and video footage from an en-
doscopic camera, both of which were simultaneously
recorded. Each surgery was conducted using the da
Vinci Xi robotic surgical system (Freschi et al., 2013).
This feedback data was previously collected and cat-
egorized by Wong et al. (2023).
A subset of the recorded OR conversations repre-

sents surgical feedback, defined by Wong et al. (2023)
as trainer utterances intended to modify trainee be-
havior or thinking. Feedback instances were man-
ually transcribed and timestamped by medical resi-
dents. The dataset encompasses 4204 distinct feed-
back instances across 33 surgeries.
For each feedback instance, the trainee’s response

was annotated into one of three categories: behav-
ioral change, verbal acknowledgment, or request for
clarification (Wong et al., 2023). Behavioral change
was defined as an immediate adjustment made by the
trainee in direct response to the feedback. Verbal ac-
knowledgment involved the trainee confirming they
had heard and understood the feedback. A request
for clarification occurred when the trainee asked for
the feedback to be restated due to a lack of under-
standing. Responses were annotated by three human
raters using a shared codebook (Wong et al., 2023).
Given that the primary goal of surgical feedback

is to influence trainee behavior (Wong et al., 2023),

Table 1: Statistics of video data and the annotations
in our dataset per trainee response categories. Task-
relevant SSL fine-tuning was performed on feedback
video data, while domain-aware SSL fine-tuning was
performed on all video data.

Category Len/Count % of Tot.

All Video 78.9 hr 100%
Feedback Video 11.7 hr 14.8%

Feedback Instances 4204 100%

Trainee Response
Verbal Acknowledgment 1941 46.2%
Behavioral Change 1865 44.4%
Ask for Clarification 104 2.5%

we assess feedback effectiveness based on whether it
results in trainee behavior change.

3.2. Model Pipeline

The model pipeline for predicting trainee behavior
consists of four key steps, as shown in Figure 3.
First, VideoMAE is pre-trained using self-supervised
learning (SSL) on an unlabeled human action dataset
(Kinetics-400). Next, we fine-tune VideoMAE with
SSL on unlabeled surgical videos, using two strate-
gies: task-relevant fine-tuning (using only feedback-
related video) and domain-relevant fine-tuning (us-
ing all surgical video). After this, we perform su-
pervised fine-tuning on labeled feedback videos to
train the model specifically for predicting feedback
effectiveness (trainee behavior change). Finally, we
perform multi-modal supervised training which in-
volves using both video features from VideoMAE and
text features from SBERT to predict trainee behavior
change.

3.3. Automated Speech Recognition

We employed Automated Speech Recognition (ASR)
to generate automated transcriptions based on the
starting timestamps of feedback instances (for a 10s
duration). For this, we used the pre-trained Whis-
per medium model (Radford et al., 2022), which was
trained on 680,000 hours of labeled English speech
data. Given the conversational nature of feedback
exchanges, we also applied speaker diarization us-
ing Pyannote (Bredin et al., 2020; Bredin and Lau-
rent, 2021). Speaker diarization segments the audio
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to identify different speakers, adding context to the
dialogue around feedback delivery.

3.4. Self-Supervised Learning of VideoMAE

We used the VideoMAE base model, consisting of 86
million trainable parameters, pre-trained on Kinetics-
400, a dataset comprising videos of 400 human
action classes (Li et al., 2020). We investigated
task-relevant and domain-relevant SSL fine-training
strategies. Task-relevant SSL fine-tuning involved
pre-training the model on video clips associated with
feedback instances, which comprised approximately
12 hours of data. Domain-relevant SSL fine-tuning
involved pre-training on all available surgical videos,
which comprised approximately 80 hours of data.

3.5. Supervised Fine-tuning of VideoMAE

Following SSL fine-tuning, the VideoMAE model was
fine-tuned using supervised learning to predict feed-
back effectiveness (trainee behavior change). For
each feedback video, features were extracted from
VideoMAE and averaged across the temporal and
spatial dimension, producing a 768-dimensional vec-
tor. This vector was then passed through three fully
connected linear layers, reducing the dimensionality
to 512, 256, and finally 2 (logits) in a funnel-shaped
architecture. ReLU activations were applied between
layers to introduce non-linearity.

3.6. Supervised Training of Multi-modal
Model

Finally, features were extracted from VideoMAE (for
video) and SBERT (for text) and integrated through
supervised multi-modal training to predict trainee
behavior change. Features extracted from Video-
MAE were averaged across the temporal and spa-
tial dimension resulting in a 768-dimensional vec-
tor. Two fully connected layers with ReLU activa-
tions were applied, reducing the dimensions to 512
and then 256. Features extracted from SBERT, ini-
tially a 384-dimensional vector, were also processed
through two fully connected layers with ReLU acti-
vations, reducing their dimensions to 128 and then
64. The resulting vectors were concatenated into a
320-dimensional vector, which was passed through
three fully connected layers, reducing its dimensions
to 256, 128, and finally 2 (the logits) in a funnel ar-
chitecture. During multi-modal training, SBERT and
VideoMAE weights remained frozen.

3.7. Data Processing

Following Kocielnik et al. (2023), we trimmed a 10-
second video when human-annotated feedback ap-
pears. This includes 5 seconds before (to capture
context) and 5 seconds after (to capture delivery) the
feedback onset. We preprocessed each video by down-
sampling the resolution to 320 x 250 and extracting
16 randomly uniformly sampled frames.

4. Experimental Results

4.1. Training and Implementation Details

Task-relevant SSL fine-tuning was conducted for 500
epochs, and domain-relevant for 1000 epochs, both
using a batch size of 24 and an initial learning rate
of 1.5 × 10−4. A linear decay scheduler reduced the
learning rate to zero over training, with a weight de-
cay of 0.05 applied. Following Tong et al. (2022),
which found that higher masking ratios result in bet-
ter performance, an 85% masking ratio was used for
the reconstruction task to improve performance.

Supervised fine-tuning of VideoMAE was con-
ducted for 4 epochs with a batch size of 16, an ini-
tial learning rate of 1 × 10−4, and a weight decay
of 0.01. A ReduceLROnPlateau scheduler reduced
the learning rate by 0.5 if validation accuracy didn’t
improve over two epochs. Multi-modal training was
performed for another 4 epochs with a batch size of
16, a learning rate of 1× 10−3, and a weight decay of
0.01, with the learning rate managed similarly.

All training was executed on an NVIDIA GeForce
RTX 4090 GPU.

4.2. Evaluation Protocols

The dataset was split 80% for training and 20% for
testing. To address the class imbalance in trainee
behavior change, the minority class was upsampled
in both sets.

In task-relevant SSL fine-tuning, all feedback in-
stances excluding those in the test set were used. In
domain-relevant SSL fine-tuning, all available surgi-
cal video data, split into non-overlapping 10-second
clips, was used.

For all methods, hyperparameters, including
epochs, learning rate, weight decay, and layer di-
mensions, were fine-tuned using grid search. This
tuning was performed on a validation set comprising
12.5% of the training data. Model performance was
evaluated using Area Under the Receiver Operating
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Method AUROC Precision Recall
Text 0.66±0.004 0.62±0.02 0.62±0.13

Text + VideoMAE 0.68±0.01 ↑3.59% 0.63±0.01 0.59±0.10

Text + VideoMAE (Task-relevant) 0.70±0.02 ↑6.16% 0.65±0.03 0.56±0.15

Text + VideoMAE (Domain-relevant) 0.70±0.02 ↑6.55% 0.63±0.03 0.66±0.09

Table 2: Comparison of model performance for predicting trainee behavior change using auto-
transcriptions of verbal feedback. The percentage improvement shown is relative to the text method. Values
represent the mean and standard deviation across three splits with different seeds. The multi-modal methods,
combining video and text features, outperformed the text-only method, showing the value of incorporating
visual information for the prediction task.

Method AUROC Precision Recall
SurgVLP 0.52±0.01 0.55±0.06 0.42±0.33

GSViT 0.50±0.00 0.67±0.29 0.49±0.44

VideoMAE 0.58±0.00 0.55±0.02 0.58±0.37

VideoMAE (Task-relevant) 0.61±0.01 ↑5.46% 0.57±0.04 0.61±0.11

VideoMAE (Domain-relevant) 0.60±0.01 ↑3.73% 0.56±0.02 0.62±0.22

Table 3: Comparison of video-only model performance for predicting trainee behavior change across
SurgVLP, GSViT, and multiple VideoMAE pre-training methods. Values represent the mean and standard
deviation across three splits with different seeds. SurgVLP and GSViT, baseline models pre-trained on large
surgical datasets and fine-tuned for this task, were not predictive of behavior change. VideoMAE features
were somewhat predictive, with SSL fine-tuning of VideoMAE improving performance by up to 5.5%.

Characteristic Curve (AUROC), with precision and
recall metrics also reported. Methods were evaluated
across three splits using distinct random seeds, with
the mean and standard deviation reported.

4.3. Results

Table 2 shows the performance of text-only and
multi-modal methods using auto-transcribed text for
predicting trainee behavior change. The text-only
method achieved an AUROC of 0.66. Incorporating
video features (without SSL fine-tuning) helped im-
prove performance to an AUROC of 0.68, a 3.59% im-
provement over the text baseline. With task-relevant
and domain-relevant SSL pre-training, the AUROC
improved to 0.70, reflecting gains of 6.16% and 6.55%,
respectively. Both SSL fine-tuning approaches per-
formed similarly, suggesting that using additional
surgical video data did not yield significant benefits.
We further evaluated video-only methods to pre-

dict trainee behavior change as shown in Table
3. Methods compared included SurgVLP (Yuan
et al., 2023), GSViT (Schmidgall et al., 2024), Video-
MAE without SSL fine-tuning, and VideoMAE with
task-relevant and domain-relevant SSL fine-tuning.
SurgVLP and GSViT are existing surgery models
pre-trained on large surgical datasets and serve as

baselines (implementation details are provided in Ap-
pendix C). Overall, video features are less predictive
than text, with the best method achieving an AU-
ROC of 0.61. SurgVLP and GSViT were not pre-
dictive, with AUROCs of 0.52 and 0.50, respectively.
Task-relevant and domain-relevant SSL fine-tuning of
VideoMAE improved AUROC by 5.46% and 3.73%
over VideoMAE without fine-tuning.

4.4. Visual Inspection and Analysis

Appendices A and B provide examples of the multi-
modal model’s true positives, false positives, true
negatives, and false negatives on the test data. Gen-
erally, in the cases where the model predicted a pos-
itive outcome, there was a noticeable change in the
video during feedback delivery (at around 5 seconds)
and after feedback delivery (at around 9 seconds). In
contrast, in the cases where the model predicted a
negative outcome, there was a minimal change.

False positive examples (Figure 4) displayed sub-
stantial movement in the video that did not corre-
spond to the verbal feedback. For instance, in the
case of “Careful, you’re almost cutting it,” the instru-
ments were moving, but the movement was unrelated
to the feedback content. This may have caused the
model to make a false positive prediction.
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False negative examples (Figure 5) displayed min-
imal movement, providing little visual evidence of a
behavior change. For example, in the case of “You
can clip that one,” while the angle of the left instru-
ment changed post-feedback, its position stayed the
same. This lack of clear motion may have influenced
the model to make a false negative prediction.

5. Discussion

Our findings reveal the value of using multi-modal
learning to assess feedback effectiveness in real-world
surgeries. Incorporating features from video along-
side auto-transcriptions improved performance by up
to 6.6%, resulting in an overall AUROC of 0.70.

Individual Predictiveness of Text and Video.
We observe a significant difference in the individual
predictiveness of the text and video modalities. The
text-only model achieved an AUROC of 0.66, while
the best video-only model achieved an AUROC of
0.61. This difference is likely because text is inher-
ently more structured and less noisy compared to
video data. The semantic meaning of the transcribed
feedback is clearly relevant to the prediction task,
whereas it is less clear which aspects of the video
are relevant. Additionally, video data contains more
noise (irrelevant information) due to its larger size
and higher dimensionality, which makes it even more
challenging to extract meaningful visual features for
prediction with limited training data.

SSL Fine-tuning. We demonstrate that self-
supervised fine-tuning of video models effectively ad-
dresses the challenges of extracting meaningful in-
formation from video data. SSL task-relevant and
domain-relevant fine-tuning improved video-only per-
formance by up to 5.5% and multi-modal perfor-
mance by up to 6.6% for the prediction task. SSL
fine-tuning also offers scalability due to its reliance
on unlabeled data (Caron et al., 2020; Kaplan et al.,
2020; Sorscher et al., 2022). As more surgical video
data is collected, it can be incorporated into the pre-
training process, further boosting prediction perfor-
mance and improving model adaptability over time.
Interestingly, the task-relevant and domain-

relevant fine-tuning methods performed comparably,
suggesting that pre-training with additional video
data beyond feedback instances was not significantly
helpful. This may be because non-feedback video
clips are (1) less likely to capture active surgical
work that typically triggers feedback, and (2) less

likely to show distinct visual changes seen in feed-
back clips, where trainee behavior often shifts visibly
after feedback is delivered. So, the additional data
might have been somewhat redundant or not as rele-
vant (Sorscher et al., 2022). Although both methods
achieve similar performance, they each have their ad-
vantages. Task-relevant SSL fine-tuning requires less
data for the model to effectively learn task-relevant
features (Sorscher et al., 2022). Domain-relevant SSL
fine-tuning does not require knowledge of the task,
eliminating the need to determine which video in-
stances are task-relevant. It is also more flexible for
training (Oquab et al., 2023) and the resulting model
may easily generalize to other tasks (Pantazis et al.,
2021; Tong et al., 2022).

Practical Value in Clinical Settings. The abil-
ity to automate prediction surgical feedback effective-
ness has significant implications for improving the
quality of surgical training in real-world surgeries.
Compared to manual annotation, automated predic-
tion is quick, standardized, and scalable (Wong et al.,
2023). Trainers can review predictions post-surgery
and use them to improve their feedback delivery and
training quality (Ma et al., 2024). Accurate feed-
back effectiveness assessment is also useful for the
future development of systems for automated feed-
back delivery during live surgery, where assessment
of feedback options in real-time would be necessary
(Kocielnik et al., 2023; Ma et al., 2024).

Limitations and Future Directions. Although
we show that the visual features extracted from
VideoMAE are useful for predicting feedback effec-
tiveness, the incorporation of visual features along-
side auto-transcribed text features provides limited
additional benefit to prediction performance. Trainee
behavior changes are directly observable through
video, indicating that we have yet to fully leverage
the richness and relevant information present in video
data, which will be the focus of future work.

As a next step, while extracting general, abstracted
visual features is valuable given the variability in vi-
sual cues, incorporating more structured visual in-
formation such as instrument kinematics and surgi-
cal gesture classification could further improve pre-
diction performance. Another promising approach is
to focus on identifying changes before and after feed-
back is delivered. For instance, contrastive learning
could be applied to distinguish video segments pre-
and post-feedback by creating positive pairs (related
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to the same feedback) and negative pairs (unrelated
segments).

6. Conclusion

From a clinical perspective, both the content of feed-
back and the visual context play a crucial role in de-
termining the effectiveness of surgical feedback dur-
ing live surgeries. In this work, we demonstrate the
value of a multi-modal approach, combining tran-
scribed feedback and surgical video data, for the
novel task of predicting feedback effectiveness. By
accurately predicting feedback effectiveness in a scal-
able and objective way, we can gain a deeper un-
derstanding of what constitutes effective feedback
and the visual contexts in which feedback is most
or least effective. Trainers can use this information
to provide more effective, personalized guidance to
trainees, enhancing surgical training. This under-
standing can also help pave the way for developing
real-time systems that provide automated feedback
during surgery. Ultimately, this work provides an
important step towards advancing and automating
surgical training in the operating room.
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Appendix A. True and False Positives
Visualizations

Figure 4: Examples of true positives and false pos-
itives using the multi-modal model for prediction of
trainee behavior change.
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Appendix B. True and False
Negatives Visualizations

Figure 5: Examples of true negatives and false neg-
atives using the multi-modal model for prediction of
trainee behavior change.
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Appendix C. Implementation Details
of Baseline Video
Models

SurgVLP and GSViT were both fine-tuned for
the task of feedback effectiveness prediction. The
details of their implementations and fine-tuning are
discussed below.

SurgVLP: For each 10-second feedback video
clip, 16 uniformly sampled frames were passed
through the vision module of the SurgVLP model,
producing a 16 × 768-dimensional output. This
was averaged across the temporal dimension to
generate a single 768-dimensional vector. A 2-layer
multilayer perceptron (MLP) was then applied to
obtain logits, and cross-entropy loss was minimized
during training. The weights of the vision module
were fine-tuned throughout the process. The model
was trained for 5 epochs using the Adam optimizer
with a learning rate of 1× 10−4.

GSViT: For each 10-second feedback video clip, 16
preprocessed uniformly sampled frames were passed
through GSViT to obtain individual embeddings,
which were flattened and concatenated. A 3-layer
MLP was then applied to obtain logits, and cross-
entropy loss was minimized during training. GSViT
weights were fine-tuned throughout the process. The
model was trained for 10 epochs using the Adam
optimizer with a learning rate of 1× 10−4.

Appendix D. Segmented/Selective
Manual Transcriptions

We investigated the performance of using manual
transcriptions provided by the dataset for predicting
feedback effectiveness. These manual transcriptions
contain more information than simple verbatim tran-
scriptions in two ways:

1. Segmentation Based on Trainee Response:
Instead of transcribing a trainer’s spoken feed-
back as a continuous, uninterrupted utterance,
human annotators split the feedback into smaller
segments. Each segment corresponds to a part
of the feedback that individually resulted in a
trainee response such as verbal acknowledgment
(which is inferred through audio) or behavior
change (which is inferred visually).

2. Selective Transcription: In some cases, hu-
man annotators only transcribe parts of the
trainer’s spoken utterance that they believe are
directly associated with an observed trainee re-
sponse.

Examples of manual transcriptions illustrating
these factors are shown in Table 4. The extra
judgment applied through segmentation and selec-
tive transcription makes manual transcriptions sig-
nificantly more predictive of trainee behavior change,
as shown in Table 5. Since approximately half of
the transcribed feedback instances resulted in trainee
behavior change (as shown in Table 1), the segmen-
tation was partly informed by visual cues, mean-
ing some video context is implicitly reflected in the
manual transcriptions. This likely explains why the
multi-modal approach offers only a modest perfor-
mance improvement (up to 1.4%) over the text-only
approach when using manual transcriptions. In con-
trast, the multi-modal approach yields a larger per-
formance improvement of up to 6.6% when using
auto-transcriptions.
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Utterance Manual Transcription

“That’s not exactly it either. What I would
suggest you do is I would suggest you grab
this leading edge right there. Grab it. You’re
not doing right. No. No. This edge. The cut
edge. Uh-huh. Grab it. Uh-huh. Good. Pull.
Pull. Uh-huh. Open that up. But know
where your vein is.”

“that’s not exactly it either.”

“what I would suggest you do is, is I would
suggest you grab this leading edge right there,
grab it.”

“this edge, the cut edge.”

“grab it.”

“good.”

“pull pull.”

“open that up.”

“wait, know where your vein is, know where
your artery is.”

“So take the... You’re going to put only one
clip to the artery. You’re not going to cut the
artery. Right. You want to be safe.”

“only one clip to artery, wanna be safe.”

Table 4: Examples of manual transcriptions of feedback instances corresponding to continuous
trainer utterances. In the first example, the trainer’s utterance is split into smaller segments, each
resulting in a distinct trainee response (verbal acknowledgment or behavior change). In the second example,
only the portions of the utterance directly relevant to the observed trainee response are transcribed (selective
transcription).

Method AUROC Prec. Recall
Text 0.790.04 0.720.03 0.720.11
Text + Video 0.800.03 ↑0.53% 0.740.03 0.680.06
Text + Video (Task-Aware) 0.800.03 ↑1.36% 0.730.04 0.710.02
Text + Video (Domain-Aware) 0.800.03 ↑1.22% 0.730.04 0.740.03

Table 5: Comparison of model performance for predicting trainee behavior change using manually
transcribed text. Each model is evaluated based on AUROC, precision, and recall. The percentage
improvement shown is relative to the text method. Values represent the mean and standard deviation (SD)
across three splits with different seeds.
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