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Motivation
We evaluate the video understanding capabilities of existing foundation models (FMs) using a carefully designed experiment protocol 
consisting of three hallmark tasks (action recognition, temporal localization, and spatiotemporal localization), eight datasets well 
received by the community, and four adaptation methods tailoring an FM for downstream tasks. 

Furthermore, we jointly profile FMs’ efficacy and efficiency when adapting to general video understanding tasks using cost 
measurements during both training and inference. 

https://arxiv.org/abs/2307.03166
https://github.com/tensorflow/models/tree/master/official/projects/videoglue
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Main Observations

● Task-specialized models significantly outperform the seven foundation models (FMs) studied in this work, in sharp 
contrast to what FMs have achieved in natural language and image understanding. 

● Video-native FMs, whose pre-training data mainly contains the video modality, are generally better than image-native FMs in 
classifying motion-rich videos, localizing actions in time, and understanding a video of more than one action. 

● Video-native FMs can perform well on video tasks under light adaptations to downstream tasks (e.g., freezing FM 
backbones), while image-native FMs win in full end-to-end fine-tuning.

https://arxiv.org/abs/2307.03166
https://github.com/tensorflow/models/tree/master/official/projects/videoglue


Paper Code

Adaptation Methods

Fig. We study four adaptation methods to apply an FM to video understanding downstream tasks: (a) end-to-end fine-tuning, (b) 
frozen backbone, (c) frozen backbone with multi-layer attention pooler (MLAP), and (d) a low-rank adapter (LoRA).

(a) (b) (c)
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Benchmark Results

● Performance of FMs with end-to-end fine-tuning (red) and frozen backbone (blue), in comparison with 
state-of-the-art task-specialized models (black).

● We use gray shades to represent tasks that are more focused on appearance understanding more than motion.
● FMs generally fall behind task-specialized models; FMs that are trained with video data are generally better than 

image-native FMs on motion-focused tasks under the frozen backbone setting.
● Image-native FMs can generally catch up when fine-tuned end-to-end on the target dataset.

https://arxiv.org/abs/2307.03166
https://github.com/tensorflow/models/tree/master/official/projects/videoglue
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VideoGLUE Score

We use trainable parameters and inference FLOPs to approximately represent the training and inference costs of an FM.

To rank FMs with the multi-dimensional assessments, we propose the following term to aggregate FMs’ video understanding 
performance into a single score, termed VideoGLUE Score (VGS), where 𝒮i is an FM’s average performance score over our video tasks 
under the i-th adaptation method, and  𝒞i

k is the corresponding cost value under the k-th developmental scenario.

https://arxiv.org/abs/2307.03166
https://github.com/tensorflow/models/tree/master/official/projects/videoglue
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