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Abstract. First responders play a pivotal role in medical emergency
situations, where timely and accurate decision-making can be lifesaving.
To provide support in such scenarios, computer vision-based systems
with the ability to recognize the currently ongoing procedure and an-
ticipate the next steps are of significant interest, as they could assist
in guiding first responders through critical interventions. However, an-
notated data to train such systems is scarce. Therefore, we study the
applicability of recent foundation models on the tasks of recognizing
and anticipating medical procedure actions from video data as part of
The Trauma THOMPSON Challenge 2025. Specifically, we adapt image-
based DINOv2, video-based VideoMAE, and multi-modal ActionCLIP to
the problem by adjusting prompt handling, hyperparameters, and loss
weighting. In our evaluation, we show that despite the limited amount
of training data in the challenge dataset, the models are able to produce
decent results in the recognition of medical procedure actions. Moreover,
they demonstrate strong potential, indicated by improved performance
under less strict evaluation criteria1.

Keywords: Action Recognition · Action Anticipation · Life-Saving
Interventions (LSI) · Foundation Models · Video Classification.

1 Introduction

In medical emergency situations, first responders play a critical role and often
dictate the outcome regarding not just the immediate, but also the long-term
future of a patient [10]. First responders need to quickly identify the precise char-
acteristics of such situations and perform the appropriate medical treatment un-
der immense pressure. Support from an experienced assistant can substantially
1 https://github.com/Loffl/A-Lifesaving-Foundation-The-Trauma-THOMPSON-Challenge-2025-solution

https://github.com/Loffl/A-Lifesaving-Foundation-The-Trauma-THOMPSON-Challenge-2025-solution


2 A. Lindloff et al.

improve the quality; however, such support is rarely available due to the na-
ture of these situations. Therefore, computer vision-based autonomous remote
instruction systems are envisioned to mitigate the lack of human assistance.

With this goal in mind, the Trauma THOMPSON Challenge 2025 [22] was
proposed to facilitate the development of such systems for lifesaving interven-
tions. The challenge introduces a first-person video dataset of unscripted emer-
gency interventions to foster the development of algorithms that can recognize
and anticipate medical procedures, detect tools, and track hand movements dur-
ing an intervention, assess the realism of a simulated trauma procedure, and
perform visual clinical question answering. Here, we focus on the recognition
and prediction of medical procedure actions, both tasks that are closely related
to general action recognition in computer vision. While action recognition refers
to assigning an action to the currently analyzed video part, action prediction
involves forecasting the action of the subsequent video part.

Over the years, many approaches have been proposed to address the video
action recognition task. First, before public video datasets of sufficient size ex-
isted, methods such as cuboids [6] relied on traditional feature engineering to
design hand-crafted spatio-temporal representations to detect actions. Using
deep learning, architectures evolved to be more automated and, among other
techniques, (1) extract per frame features through 2D CNNs [18], also with an
additional LSTM on top [7], (2) apply 3D CNNs directly to videos [4,17], (3)
extract spatial and temporal features individually with two-stream networks [9],
or more recently, (4) apply vision transformers (ViTs) [8] to the video classifica-
tion problem [1]. In recent years, foundation models have substantially improved
the performance across various computer vision domains, including video-related
tasks such as video classification [2,20]. Due to their extensive training on huge
amounts of data, foundation models are able to generate rich general-purpose
features, allowing them to generalize well to a wide range of tasks without ex-
tensive training data. This makes foundation models highly suitable for tasks
where data is expensive or difficult to acquire, like in medical applications [13].

In this paper, we adapt three well-known foundation models: DINOv2 [14],
VideoMAE [16], and ActionCLIP [19], to the task of medical procedure action
recognition and anticipation in the context of the Trauma THOMPSON (T3)
Challenge 2025. Foundation models with their strong few-shot capabilities [2]
may be particularly well-suited for the setting of the 2025 T3 Challenge, which
features 124 classes in a long-tailed distribution across 2477 training samples.
The three selected foundation models cover a variety of input modalities, in-
cluding images, video, and text (see Fig. 2), which allows us to study the effect
of these modalities. To adapt the foundation models for the dual-task formula-
tion, we incorporate video action classifiers for the recognition and anticipation
tasks when necessary. In our evaluation of the 2025 T3 Challenge data, the
three models with tailored prompt handling, hyperparameters, and loss weight-
ing demonstrate promising results.
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2 Dataset

The T3 Challenge 2025 dataset [22], which we use in this work, is an egocentric
video dataset specifically built for medical procedure action recognition and an-
ticipation. For this task, corresponding to task 1 in the challenge, it comprises
141 videos of regular life-saving intervention procedures in its training set and
another 79 videos in the test set. The test set is further split into 36 unseen reg-
ular procedure videos and 43 just-in-time procedure videos. Each video presents
a medical procedure and consists of several shorter video clips, representing in-
dividual actions. In total, the training dataset consists of 2477 video clips. On
average, a single video clip consists of around 152 frames, and the original resolu-
tion of the video clips is 1920×1080. Following the official challenge instructions,
we resized the video clips to 480× 270 pixels.

Each video clip is annotated with one action label representing the currently
performed action. Each label consists of one verb and one noun, which individ-
ually can reappear in other action labels. Each clip annotation also contains the
action label of the subsequent video clip. In total, there are 124 action classes,
composed of 42 unique nouns and 42 distinct verb classes. The class distribu-
tion represents the real-world distribution of the procedures, similar to how the
procedures themselves were chosen to reflect relevant medical interventions. This
leads to a long-tailed class distribution, as illustrated in Fig. 1. As a consequence,
a few common action classes dominate a significant number of minority classes.
For reference, the most frequent action ’insert finger’ appears in 85 video clips,
while a multitude of actions only appear a single time.

Fig. 1: Distribution of action classes (combinations of nouns and verbs) in the
training set of the T3 Challenge 2025 dataset, with actions on the x-axis and
frequency on the y-axis.
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For our work, we split the original training set into our training set (80%) and
our validation set (20%). Hence, 1968 video clips remain for the training. Due
to the considerable class imbalance, 16 of the 124 action classes occur only once
and can not occur in both sets. To enable the model to learn from all classes,
these samples are added to our training set. Consequently, our validation set
only includes 108 action classes.
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Fig. 2: General processing of videos for action recognition and anticipation with
the three foundation models. Image-based DINOv2 (a) processes individual
frames and combines the results in the final stage. Video-based VideoMAE (b)
directly extracts features from the entire video clip with subsequent classifica-
tion. Multi-modal ActionCLIP (c) extracts features from the entire video and
the label via text prompt. Subsequently, classification is performed as a similar-
ity calculation between a video and all possible text prompt representations.

3 Method

This section introduces our adapted versions of the three foundation models,
which we employ for action recognition and anticipation (task 1) of the T3
Challenge 2025. For each model, we discuss the architecture and the implemen-
tation details. The presented configurations are based on the best-performing
results obtained through extensive evaluation on the 2023 T3 Challenge dataset.

3.1 DINOv2

DINOv2 [14] is a discriminative self-supervised learning approach, which pro-
duces general-purpose visual features for images. Besides other computer vision
tasks, DINOv2 was successfully applied to video action recognition tasks out-
side the medical domain [14]. Among self-supervised approaches at the time
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of its publication, DINOv2 achieved state-of-the-art accuracy performance even
though the model was trained on images only. Therefore, we adapt DINOv2 to
the T3 Challenge 2025.

Architecture The DINOv2 [14] learning approach combines the ideas of
DINO [3] and iBOT [21]. DINO [3] works at the image-level, after obtaining
features from the ViT backbone. It utilizes a student-teacher architecture, where
each receives a different crop of the same image as input to generate a ViT class
token. Each token is forwarded to the respective head for loss calculation.

The iBOT method [21] is employed at the patch-level and thus alters the in-
put behavior of the ViT model. The input image patches are randomly masked
and distributed to the same student and teacher model. The student operates
on the masked patches, whereas the teacher employs the entire tokenized im-
age without any masks, enabling the teacher to process information unavailable
to the student network. The output features are passed to the corresponding
student and teacher iBOT MLP head to produce the loss.

At first, both the DINO and iBOT methods are strictly separated from each
other as they compute their own losses. Their knowledge is only brought together
when both losses of a given batch are combined with a regularization term to
train the student model. After the pre-training has been completed, only the
student network is used to generate image representations.

To apply DINOv2 to video action recognition, we obtain the output embed-
dings for each frame as depicted in Fig. 2a. The classification (CLS) tokens, as
well as the remaining embedding sequences of all frame representations for a
sample, are averaged and then concatenated to imitate video representations.
These are forwarded to two linear classification heads for recognition and an-
ticipation, respectively (see bottom part of Fig. 2a). The Cross-Entropy Loss is
applied to the resulting logits to compute the action losses.

Concerning anticipation, only valid samples are considered for the loss com-
putation. A sample is not valid when there is no next action present, in case it
is the last clip of a video. Both the recognition and the anticipation losses are
combined to form a final action loss, which, in the simplest case, is obtained
by weighting them equally. In our experiments, we investigate the impact of
different loss weighting methods on the model’s performance.

Implementation Details To apply DINOv2, we first uniformly sample 16
frames for each video clip. Next, each frame is randomly cropped and resized
to 224 × 224. A higher resolution is not possible when using the pre-trained
model weights. The frames are horizontally flipped with a 50% probability and
randomly rotated by up to two degrees, before being scaled by a factor between
0.8 and 1.2. The validation and test data are only uniformly sampled and resized.

The following parameters were utilized for our DINOv2 experiments on the
2025 T3 Challenge dataset. The batch size is set to 20, and training lasts for 50
epochs. Gradient clipping is enabled and set to 1.0. For the optimizer, AdamW
is employed with a β1 of 0.9, a β2 of 0.999, and ϵ = 10−8. Weight decay is set to
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0.1, and the learning rate is initialized at 5 × 10−5. It is controlled by a cosine
annealing scheduler with a linear warm-up phase over the first 10% of training
steps. Gradient accumulation is enabled and fixed at 2, meaning that gradients
are accumulated for two forward passes before the weights are updated. We use
a large-sized ViT backbone with four additional register tokens. The register
tokens [5] have proven to sufficiently remove existing artifacts in the Vision
Transformer attention maps.

3.2 VideoMAE

VideoMAE [16] by Tong et al. is a transformer-based foundation model, explic-
itly designed to process video data (see Fig. 2b) as it extends the concept of
masked autoencoders for self-supervised pre-training to videos. Similar to the
DINOv2 approach for images, VideoMAE extracts semantically rich general-
purpose video representations. Since it is designed to extract features from
videos, action recognition constitutes an intuitive application, which Tong et
al. briefly explore, reporting state-of-the-art accuracies on relevant benchmarks.

Architecture Inspired by ImageMAE [11], VideoMAE performs a masking and
reconstruction task using an asymmetric encoder-decoder architecture in a self-
supervised setup. The encoder is a ViT with joint space-time attention. Before
a video is processed by the encoder, uniform temporal downsampling is applied.
Subsequently, the video is embedded into 3D tokens using joint space-time cube
embedding, which are then mapped to the transformer embedding dimension.
Each cube has the size 2 × 16 × 16, meaning it contains spatial patches of two
frames. Next, tube masking is applied. Due to the high redundancy in video data,
the masking ratio is set between 90% and 95%. The non-masked tokens are used
as the input for the encoder. Given the output representations of the visible to-
kens from the encoder and the remaining learnable masked tokens, a lightweight
ViT-based decoder reconstructs the missing tokens and thus recreates the entire
video. This enables VideoMAE to learn meaningful video representations. The
generated video representations are processed by two linear classifiers as visu-
alized in the bottom part of Fig. 2b, one for obtaining recognition logits and
another for anticipation probabilities when a sample is valid.

Implementation Details To adapt VideoMAE to the T3 Challenge 2025,
we uniformly downsample each video to 16 input frames. We then randomly
downsize each frame while maintaining the original aspect ratio and randomly
extract crops of size 224 × 224. Finally, random left-right flipping is applied.
Remaining transformations correspond to the DINOv2 data preprocessing. For
the validation and test data, only the initial temporal downsampling is applied.
Hence, we do not apply test-time augmentation.

The VideoMAE configurations of our experiments adopt the following train-
ing parameters. We set the batch size to 2 and train for 50 epochs. There is no
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weight decay, and the learning rate is set to 5×10−5. The ViT backbone is huge-
sized, and no register tokens are utilized. All remaining configuration settings
mirror the training method of DINOv2, including the Cross-Entropy Loss.

3.3 ActionCLIP

The CLIP-based [15] model ActionCLIP [19] is a foundation model proposed by
Mengmeng Wang et al. It was specifically designed for video action recognition
and could thus translate particularly well to the target data. It has outperformed
other ViT-based model architectures on the Kinetics-400 [12] action recognition
benchmark, setting new state-of-the-art accuracy scores.

Architecture In contrast to DINOv2 and VideoMAE, which exclusively rely
on visual input, ActionCLIP [19] utilizes both visual and text supervision in a
multi-modal framework tailored for action recognition. It frames action recogni-
tion as a video-text similarity matching problem. To achieve this, ActionCLIP
creates distinct representations for the visual and text input using two encoders
as depicted in Fig. 2c.

The text encoder is a 12-layer Transformer based on the CLIP architec-
ture [15]. As input prompts for the text encoder, we utilize 16 possible tem-
plates for each of the 124 action classes in the 2025 T3 Challenge. Given a label,
a prompt is created by replacing a blank field within a template, for example,
“Label, an action” for the recognition task. When anticipating actions, we ap-
ply slightly modified templates such as “Label, an upcoming action”. During the
training, a single text prompt is randomly selected from the 16 available can-
didates for each video clip and for action recognition and anticipation labels,
respectively, which is then fed to the text encoder. For inference, all 16 × 124
prompts are used for both subtasks, with the most similar prompt indicating
the predicted action label, as visualized in the bottom part of Fig. 2c, which
visualizes this process with seven example prompts.

The vision encoder in ActionCLIP is a standard ViT-Base with a patch size of
16×16. We use ActionCLIP’s post-network prompt to capture temporal relations
between different frames. This is accomplished by adding a second, separate
vision encoder, which receives the concatenated frame-level representations of
the initial pre-trained CLIP vision encoder. The second encoder is a temporal
transformer with extra learnable temporal positional embeddings and a mean-
pooled output sequence, yielding a feature representation of the entire video.

Given the text and vision representations, ActionCLIP calculates the similar-
ities between them. The idea is to align matching representations, a text prompt
that describes the action of the respective video, by pulling the pairwise text
and video representations close to each other. This is achieved by computing
symmetric cosine similarity scores across all conceivable modality pairs of fea-
ture embeddings. The video-to-text similarity scores quantify how similar a given
video embedding is to all other text embeddings in the batch, while text-to-video
scores capture the reverse relationship.
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Implementation Details To handle the T3 Challenge 2025 video data with
ActionCLIP, we split every video clip into 16 segments, from which two consec-
utive frames are sampled each. We largely follow Wang et al. [19] to pre-process
the extracted frames. First, two random image augmentations are applied to
each frame, given a pool of 14 possible operations, including geometric, color,
and intensity transformations [?]. Subsequently, the frames are cropped ran-
domly at different scales and resized to 224× 224 pixels. Finally, the frames are
horizontally flipped with a probability of 50%, a random color jitter is applied,
and 20% of the frames are randomly converted to grayscale. All frames of a
video are stacked and provided as input to ActionCLIP. During validation and
testing, the frames are only resized and center-cropped. Hence, we do not apply
test-time augmentation.

To train ActionCLIP, the Kullback-Leibler (KL) divergence is utilized as a
loss function. Given a label y and a paired video clip x, it is calculated once
for the video-to-text similarity scores px2y(x) and once for the text-to-video
similarity scores py2x(y) of a batch, to create a symmetric contrastive learning
objective that is defined as:

L =
1

2
E(x,y)∼T

[
KL

(
px2y(x), qx2y(x)

)
+KL

(
py2x(y), qy2x(y)

)]
(1)

where T denotes the entire training set and qx2y(x), qy2x(y) correspond to
the ground-truth similarity scores [19]. Since the recognition and the anticipa-
tion tasks employ different text embeddings, we calculate four similarity scores
and two losses. We evaluate several strategies to combine the recognition and
anticipation losses in Sec. 4.1.

Our ActionCLIP experiments utilize a batch size of 12, the training lasts for
75 epochs, and gradients are clipped when exceeding a value of 20. AdamW is
the optimizer, with a β1 of 0.9, a β2 of 0.98, and ϵ = 10−8. The weight decay rate
is set to 0.2 and the base learning rate to 5 × 10−6. The post-network prompt
is trained with a learning rate set to ten times the base rate. A standard cosine
annealing scheduler with a five-step linear warm-up is employed.

4 Results

In this section, we evaluate the three foundation models on the T3 Challenge
2025 dataset to assess their suitability for the action recognition and anticipation
tasks. All models and variations are trained on our training set as outlined in
Sec. 2 and evaluated on our validation set or the official test set. Top-1 and top-5
accuracies serve as the evaluation metrics for both tasks individually. We also re-
port the average accuracy across both tasks to evaluate the overall performance.
Note that on the official test set, only top-1 accuracies are available.
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Loss Weighting Since task 1 of the 2025 T3 Challenge is formulated as a dual-
task problem, consisting of action recognition and anticipation, we compare three
strategies for weighting the individual task losses, yielding the overall loss. First,
we combine the two losses for action recognition and anticipation by scaling
them with 0.5 before adding them. We coin this strategy Equal. Second, we
progressively adapt the loss weights throughout the training process. Specifically,
we start with a higher weight on the recognition loss (0.6) compared to the
anticipation loss (0.4) and linearly adjust the weights between epochs such that
in the final epoch, we again reach 0.5 for both losses. This strategy is called Linear
and follows the premise that recognition might be easier to learn initially and,
therefore, stronger supervision could result in better shared representations. As
our third strategy, we follow Wang et al. [19] and apply the Equal strategy, but
introduce an additional loss term scaled by a factor that linearly decreases from
0.15 to 0.05 throughout training. The additional loss is a symmetric bidirectional
KL Divergence loss, which encourages the model to predict similar distributions
for recognition and anticipation, as both actions are often closely related in their
temporal context. Hence, we name the strategy KLD.

4.1 Results on the Validation Set

Table 1: Results of the three foundation models on our validation set for the
T3 Challenge 2025, employing each of our three loss weighting strategies. Top-1
and top-5 accuracies are reported separately for recognition, anticipation, and
the combination. Bold font highlights the best overall results, whereas slanted
font indicates the best results for each foundation model.

Loss Recognition Anticipation Total
Model Weighting Top-1 Top-5 Top-1 Top-5 Top-1 Top-5
DINOv2 Equal 42.83% 80.55% 25.34% 76.23% 34.09% 78.39%
VideoMAE Equal 46.17% 74.66% 13.95% 64.24% 30.06% 69.45%
ActionCLIP Equal 40.48% 82.74% 35.15% 82.01% 37.82% 82.38%
DINOv2 Linear 41.65% 79.37% 25.15% 76.62% 33.40% 77.99%
VideoMAE Linear 47.54% 75.83% 13.36% 58.35% 30.45% 67.09%
ActionCLIP Linear 35.71% 81.94% 33.05% 80.33% 34.38% 81.14%
DINOv2 KLD 43.22% 88.80% 29.67% 88.61% 36.45% 88.71%
VideoMAE KLD 47.74% 78.19% 20.04% 76.42% 33.89% 77.31%
ActionCLIP KLD 33.93% 79.96% 33.68% 80.33% 33.81% 80.15%

Table 1 presents the results of the three foundation models on our validation
set. The results of the systems are substantially different between the two tasks.
While VideoMAE and DINOv2 consistently outperform ActionCLIP on the ac-
tion recognition task with top-1 accuracies of 47.74% and 43.22% compared to
40.48%, ActionCLIP excels in action anticipation, achieving a top-1 accuracy of
35.15%. On this task, VideoMAE and DINOv2 only yield 20.04% and 29.67% at
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best. As expected, these results also indicate that recognizing the current action
is generally a simpler task compared to anticipating the next action. Extend-
ing the output scope from one prediction to five predictions (top-5 accuracy),
DINOv2 produces the best results across both tasks with 88.80% and 88,61%.
This is at least 6.1% better than the other two models. Investigating the effect of
the three proposed loss weighting strategies shows that VideoMAE and DINOv2
profit from the additional KL Divergence loss of KLD, while ActionCLIP per-
forms best when trained with the vanilla equal weighting. The linearly adjusted
loss amounts to no measurable improvements.

4.2 Results on the Test Set

Table 2: Results of the three foundation models on the official test set for the
T3 Challenge 2025. Top-1 accuracies are reported separately for recognition,
anticipation, and the combination. Bold font highlights the best overall results.

Recognition Anticipation Total
Model Top-1 Top-1 Top-1
DINOv2 30.50% 30.73% 30.61%
VideoMAE 30.24% 29.11% 29.69%
ActionCLIP 25.03% 24.66% 24.85%

We report the results of DINOv2, VideoMAE, and ActionCLIP on the official
test set of the T3 Challenge 2025 in Tab. 2. We selected these model configura-
tions due to the strong performance on the challenge’s open development test set.
The results in Tab. 2 indicate that all three models have difficulties generalizing
to the new data, especially for the action recognition task. For action anticipa-
tion, the results have improved slightly for DINOv2 and VideoMAE, compared
to our validation set. It is also noticeable that the results for the two tasks are
roughly at the same level, and for DINOv2, the results on anticipation are even
slightly better than for recognition. Surprisingly, ActionCLIP yields the worst
performance on this test set, although it produced the best and most balanced
combined accuracy scores in Table 1 using the validation set.

Overall, DINOv2 slightly outperforms VideoMAE in all three metrics, with
an overall top-1 accuracy of 30.61%. However, the difference between the two
methods is very small at only 0.9% on average. The poor performance of Action-
CLIP on the 2025 T3 test set suggests that it could not fully utilize its zero-shot
capabilities. Note that we limited the training to a relatively small number of
epochs due to time constraints. We expect slightly improved results, with longer
training schedules.

Investigating the individual results in more detail reveals that all models
likely struggle with the same videos. In general, only a few videos are classified
with moderate accuracy for both recognition and anticipation. Instead, the per-
formance on all clips of a video tends to be either strong or poor. This could
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be a result of the test set composition, as it contains two types of videos: 36
unseen regular procedure videos and 43 just-in-time procedure videos. It could
also reflect frequently occurring classes in the training set as being learning rel-
atively well, whereas rare edge cases, including many classes with only one or
two samples, are hardly learned at all.

5 Conclusion

We adapted and evaluated three widely known foundation models – DINOv2,
VideoMAE, and ActionCLIP – on the recognition and anticipation of medical
procedure actions as part of the T3 Challenge 2025. The models reflect three
different methods of processing the video information: frame-based, video-based,
and a multi-modal approach based on video and text. We first adapted the three
models to the challenge task, investigating prompt handling, hyperparameters,
and loss weighting. Our evaluation indicates that the three foundation models
show a decent performance on the recognition task and perform strongly with
multiple possible predictions (top-5 accuracy). On the official test set, DINOv2
yields the best results with an overall accuracy of 30.61%. Despite this limited
overall accuracy on the test set, our evaluation indicates the potential of foun-
dation models in this data-scarce medical application with as few as one or two
samples per class.
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